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ANEXO 1 

CÓDIGO DEL PROGRAMA DE RECOGIDA DE DATOS 



Script genera ficheros de texto con la información que recoge de los 

Ploggs: 

 

 

%Este es el Script principal de la herramienta y es el que se encarga de 
%pedir a los Ploggs los datos que registran en ese instante de tiempo y  
%los almacena en ficheros de texto para poder ser tratados posteriormente 

  
function PLOGGJL18b() 
    global s; 
    global recepcionTerminada; 
    global recepcionFallada; 
    global continuar; 
    global Tiempo1; 
    global temp; 
    global M_Data_Int; 
    global M_Data_All_1; 
    global M_Data_All_2; 
    global M_Data_Int_1; 
    global M_Data_1; 
    global Data; 
    global DatoBruto; 
    global nom_fich; 
    global fid_entradas; 
    global counter; 
    global Dia; 

     
    Plogg(1).mac = '000D6F000026C7ED'; 
    Plogg(2).mac = '000D6F000026BCC9'; 
    Plogg(3).mac = '000D6F0000353F22'; 
    Plogg(4).mac = '000D6F000026C7B9'; 
    Plogg(5).mac = '000D6F00007D4C0E'; 
    Plogg(6).mac = '000D6F0000354380'; 
    Plogg(7).mac = '000D6F000026C892';     
    Plogg(8).mac = '000D6F00007D4BB2'; 

        
    Plogg(1).num = 1; 
    Plogg(2).num = 2; 
    Plogg(3).num = 3; 
    Plogg(4).num = 4; 
    Plogg(5).num = 5; 
    Plogg(6).num = 6; 
    Plogg(7).num = 7; 
    Plogg(8).num = 8; 

  
    global numplogg; 

  
    numplogg =0; 
    Dia=0; 

     
%Variable que tiene que definir el usuario con el número máximo de Ploggs 



%que hay en la instalación 
    MAXPLOGG = 1; 

  
%Variable que tiene que definir el usuario con el COM que ha creado el 
%ordenador para el dispositivo de Zigbee 
    puerto = 'COM3'; 

     
%Proceso de inicializacion de algunas variables y muestra por pantalla  
%los Plogg configurados 
    for i=1:MAXPLOGG 
        disp(Plogg(i).mac); 
        disp(Plogg(i).orden); 
        counter(i) = 0; 
        Plogg(i).fechaanterior = 0; 
        Plogg(i).primera=1; 
    end 

  
%Función que abre el puerto COM que se le manda, y habilita el evento 
%asíncrono para la recogida de datos del puerto serie 
    Abrir_Puerto(puerto); 

  
%Función que inicia el programa 
    Chequear_Teclado; 

     
%Función que cierra el puerto COM 
    Cerrar_Puerto(); 

  
%Función de Chequear_Teclado, en esta función se saca por pantalla una 
%primera presentación del programa y se da al usuario la opción de  
%iniciar la recogida de datos o por el contrario salir del programa. Esto  
%es así porque una vez que se inicia la recogida no se puede detener si  
%no se hace pulsando ctrl+c 
    function Chequear_Teclado() 
        recepcionTerminada = 1; 
        recepcionFallada = 0; 
        int continuar; 
        continuar = 0; 

         
        %Función con la pantalla del menu que se le da al usuario; 
        Pantalla_Menu(); 
        EleccionUsuario = input('Elige una opción: ' , 's'); 
        if (EleccionUsuario == 'd') 
            continuar = 1; 
        else 
            EleccionUsuario = input('¿Estas seguro que quieres salir? Si-

> s; No-> n.' , 's'); 

  
            while ((EleccionUsuario~='s') && (EleccionUsuario~='n')) 
                EleccionUsuario = input('¿Estas seguro que quieres salir? 

Si-> s; No-> n.' , 's'); 
            end 

             
            if (EleccionUsuario == 's') 
                continuar = 2; 

  



            else 
                if (EleccionUsuario == 'n') 
                    continuar = 1; 

  
                end 
            end 
        end 

         
        %Esta función inicia la recogida de datos 
        recogida_Datos(); 
    end 

  

  
%Función de recogida de datos aqui es donde se espera que vayan llegando 
%los datos que se ha solicitado al Plogg, los recibimos por el puerto  
%serie que hemos creado (COM) 
    function recogida_Datos() 
        while (continuar==1) 
            if(recepcionTerminada || recepcionFallada) 

                 
                %Selecciono el Plogg al que le pido el dato 
                if (numplogg == MAXPLOGG) 
                    numplogg = 1; 
                else 
                    numplogg  = numplogg+1; 
                end 

                 
                %Guardo el tiempo actual para despues comprobar que no me 
                %paso de 8 segundos 
                Tiempo1 = tic; 

                 
                recepcionFallada = 0; 
                %Pido un dato nuevo al Plogg seleccionado 
                Guardar_Datos(); 

                 
            else 
                %Control de que el dato no llegue erróneo 
                tam = size(M_Data_All_1); 
                if (tam(2) == 28) 
                    recepcionFallada = 1; 
                    M_Data_All_2 = []; 
                    M_Data_All_1 = M_Data_All_2; 
                end    

                 
                %Control del tiempo de estar en el bucle (no mayor de 8 
                %segundos) 
                if(toc(Tiempo1) > 8) 
                    recepcionFallada = 1;                    
                    M_Data_All_2 = []; 
                    M_Data_All_1 = M_Data_All_2;                                       
                end 
            end 
        end 
    end 

  



  
%Función que abre el puerto COM y habilita BytesAvailableFcn 
    function Abrir_Puerto(ComPort) 
        s=serial(ComPort); 
        set(s, 'BaudRate', 115200); 
        set(s, 'Terminator', 'CR'); 
        set(s, 'Timeout', 0.4); 
        set(s, 'ReadAsyncMode', 'continuous'); 
        s.BytesAvailableFcn = {@mydispcallback}; 
        s.ErrorFcn = {@mierrorcallback}; 
        fopen(s); 
        disp('puerto abierto') 
    end 

  
%Función que muestra la pantalla de bienvenida 
    function Pantalla_Menu() 
        disp('    '); 
        disp('Menu de opciones'); 
        disp('-------------------------------'); 
        disp('Presione d para iniciar la recogida de datos.'); 
        disp('   '); 
        disp('Presione cualquier otra tecla para salir del programa y 

cerrar el puerto serie.'); 
        disp('-------------------------------'); 
        disp('   '); 
    end 

  
%Función que cierra el puerto COM 
    function Cerrar_Puerto() 
        %Close ComPort 
        fclose(s); 
        disp('puerto cerrado') 
    end 

  
%Funcion en la que pido un dato nuevo a un Plogg 
    function Guardar_Datos() 

         
        %Pregunto al plogg del numero de plogg correspondiente a numplogg  
        %y le mando la orden AT+UCAST: concatenado el número de plogg y 
        %concatenado la oreden =YV que es mandarme todo el paquete de  
        %datos al plogg 

         

         
        recepcionTerminada = 0; 
        counter(numplogg) = counter(numplogg) + 1; 
        Ploggquetoca = ['AT+UCAST:' , Plogg(numplogg).mac, '=YV']; 
        %Controlo que el se transmite correctamente por el puerto serie,  
        %si falla como se desabilita @mydispcallback, hay que cerrar y  
        %volver a abrir el puerto serie. 
        try 
            fprintf(s,'%s\n',Ploggquetoca); 
        catch err 
            if (strcmp(err.identifier, 'MATLAB:serial:fprintf:opfailed')) 
                msg = sprintf('%s', 'FALLO', 'FALLO', 'FALLO'); 
                Cerrar_Puerto(); 
                recepcionFallada = 1; 



                M_Data_All_2 = []; 
                M_Data_All_1 = M_Data_All_2; 

  
                Abrir_Puerto(puerto); 

  
            else 
                rethrow(err); 
            end       
        end 

         

  
    end 

  
%Control de errores 
    function mierrorcallback(obj, event) 
        recepcionFallada = 1; 
        M_Data_All_2 = []; 
        M_Data_All_1 = M_Data_All_2; 
        recogida_Datos(); 
    end 

  
%Función que se habilita cuando llegan datos al puerto serie 
    function mydispcallback(obj, event) 
        if (obj.BytesAvailable >  0), 
            nData = obj.BytesAvailable; 
            disp('<'); 
            disp('Recibidos Datos Plogg1'); 
            temp = fread(obj,nData); 
            M_Data_All_1 = [M_Data_All_1 temp'];            
            tam = size(M_Data_All_1); 
            disp(tam(2)); 
            %Comprobamos si el dato esta completo 
            if (tam(2) == 112) 
                disp('FIN Recibidos Datos Plogg1'); 
                recepcionTerminada = 1; 
                DatoBruto = M_Data_All_1;  
                cojoDatos(); 
            end 
        end 
    end 

  
%Función en la que quitamos la mascara de red y nos quedamos sólo con el 
%dato 
    function cojoDatos() 
        % Seleccionar solo los datos interesantes. 
        j = 1; 
        disp('Estoy en cojo datos'); 
        for i=(59+(112*(0))):(112)%i=(59+(112*(counter1-

1))):(112*counter1) 
            M_Data_Int_1(1,j) = M_Data_All_1(1,i); 
            j = j+1; 
        end 
        M_Data_All_2 = []; 
        M_Data_All_1 = M_Data_All_2; 
        M_Data_1 = M_Data_Int_1; 
        store_Data(); 



    end 

  
%Función que trata y guarda los datos en el fichero de texto en formato  
%de valores de voltios, watios, etc. 
    function store_Data() 
        %Almaceno los datos interesantes en una estructura con tantos  
        %campos como es necesario y los trato para que tengan el aspecto

   %adecuado. 

         
        disp('Estoy en store_Data'); 
        %counter = counter1; 
        disp('Despues counter=counter1'); 
        M_Data_Int = M_Data_Int_1; 
        disp(numplogg); 

         
        tam = size(M_Data_Int); 
        disp(tam(2)); 

         
        %Transformo los datos a valores de voltios, watios, etc 
        Byte = 1; 
        DateTimeVar = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 
        TimeBin = dec2bin(DateTimeVar); 

         
        tam = size(TimeBin); 
        disp(tam(2)); 
        disp(TimeBin); 
        disp(numplogg); 

         

         
        if (tam(2) == 30) 
            Data(1) = bin2dec([TimeBin(1) TimeBin(2) TimeBin(3) 

TimeBin(4)]); 
            Data(2) = bin2dec([TimeBin(5) TimeBin(6) TimeBin(7) 

TimeBin(8)])+1; 
            Data(3) = bin2dec([TimeBin(9) TimeBin(10) TimeBin(11) 

TimeBin(12) TimeBin(13)])+1; 
            Data(4) = bin2dec([TimeBin(14) TimeBin(15) TimeBin(16) 

TimeBin(17) TimeBin(18)]); 
            Data(5) = bin2dec([TimeBin(19) TimeBin(20) TimeBin(21) 

TimeBin(22) TimeBin(23) TimeBin(24)]); 
            Data(6) = bin2dec([TimeBin(25) TimeBin(26) TimeBin(27) 

TimeBin(28) TimeBin(29) TimeBin(30)]); 

             
            Byte = Byte + 4; 
            Data(7) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 
            Data(7) = (Data(7)/1000); 

             
            Byte = Byte + 4; 
            Data(8) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 



            Data(8) = (Data(8)/1000); 

             
            Byte = Byte + 4; 
            Data(9) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 
            Data(9) = (Data(9)/1000); 

             
            Byte = Byte + 4; 
            Data(10) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 
            Data(10) = (Data(10)/10); 

             
            Byte = Byte + 4; 
            Data(11) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 
            Data(11) = (Data(11)/1000); 

             
            Byte = Byte + 4; 
            Data(12) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 
            Data(12) = (Data(12)/1000); 

             
            Byte = Byte + 4; 
            Data(13) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 

             
            Byte = Byte + 4; 
            Data(14) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 
            Data(14) = (Data(14)/1000); 

             
            Byte = Byte + 4; 
            Data(15) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 
            Data(15) = (Data(15)/1000); 

             
            Byte = Byte + 4; 
            Data(16) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 
            Data(16) = (Data(16)/1000); 

             
            Byte = Byte + 4; 
            Data(17) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 

             
            Byte = Byte + 4; 



            Data(18) = 

(M_Data_Int(1,Byte)*(2^24))+(M_Data_Int(1,Byte+1)*(2^16))+(M_Data_Int(1,B

yte+2)*(2^8))+(M_Data_Int(1,Byte+3)); 

             
            %Cogo la fecha para saber el cambio de día 
            Fecha =  num2str(date); 
            Fecha2 = datenum(date); 
            %Creo los nombres de los archivos 
            nombre_archivo = [Dia,'  ' , Plogg(numplogg).mac, 

'_',Plogg(1).num,'.txt']; 
            nombre_archivobruto = [Dia,'  ' , Plogg(numplogg).mac, 

'_',Plogg(1).num,'bruto.txt']; 
            nom_fich = nombre_archivo; 
            nom_fichbruto = nombre_archivobruto; 

  
            if (Plogg(numplogg).fechaanterior~=Fecha2) 
                Plogg(numplogg).fechaanterior = Fecha2; 

                 
                counter(numplogg)=1; 
                Dia=Dia+1; 
                disp(counter(numplogg)); 
                nombre_archivo = [Dia,'  ' , Plogg(numplogg).mac, 

'_',Plogg(1).num,'.txt']; 
                nombre_archivobruto = [Dia,'  ' , Plogg(numplogg).mac, 

'_',Plogg(1).num,'bruto.txt']; 

  
                fid_entradas = fopen(nom_fich,'w'); 
                fid_bruto = fopen(nom_fichbruto,'w'); 
                str = 'Año Mes Dia Hora Minuto Segundo Watts 

CumWattsCon(Kwh) Frequency(Hz) RMSVolts(V) RMSCurr(A) PloggOnTime(Sg) 

EquipOnTime'; 
                fprintf(fid_entradas, '%s\n', str); 
                fprintf(fid_bruto, '%s\n', str); 
            else 
                fid_entradas = fopen(nom_fich,'a'); 
                fid_bruto = fopen(nom_fichbruto,'a'); 
            end           

             
            %Guardo para hacer pruebas todos los datos que me llegan sin 
            %tratar. 
            fprintf(fid_bruto,'%d',DatoBruto); 
            fprintf(fid_bruto,'%d\n',';'); 
            fclose (fid_bruto); 

             
            %Guardo los datos en el fichero de texto, sólo guardo los  
            %datos que me interesan, por eso están comentados los datos  
            %que no me interesan 
            fprintf(fid_entradas,'%d\n',counter(numplogg)); 

             
            fprintf(fid_entradas,'%d ',Data(1)); 
            fprintf(fid_entradas,'%d ',Data(2)); 
            fprintf(fid_entradas,'%d ',Data(3)); 
            fprintf(fid_entradas,'%d ',Data(4)); 
            fprintf(fid_entradas,'%d ',Data(5)); 
            fprintf(fid_entradas,'%d ',Data(6)); 
            fprintf(fid_entradas,'%f ',Data(7)); 



            % fprintf(fid_entradas,'%f ',Data(8)); 
            fprintf(fid_entradas,'%f ',Data(9)); 
            fprintf(fid_entradas,'%f ',Data(10)); 
            fprintf(fid_entradas,'%f ',Data(11)); 
            fprintf(fid_entradas,'%f ',Data(12)); 
            fprintf(fid_entradas,'%d ',Data(13)); 
            % fprintf(fid_entradas,'%f ',Data(14)); 
            % fprintf(fid_entradas,'%f ',Data(15)); 
            % fprintf(fid_entradas,'%f ',Data(16)); 
            % fprintf(fid_entradas,'%d ',Data(17)); 
            fprintf(fid_entradas,'%d\n',Data(18)); 

             
            % fprintf(fid_entradas,'%d\n',counter(numplogg)); 
            % fprintf(fid_entradas,'%d',M_Data_1); 
            % fprintf(fid_entradas,'%d\n','*******'); 
            % fprintf(fid_entradas,'%d\n','                 '); 

             
            fclose (fid_entradas); 
        end  
    end 
end 

 



ANEXO 2 

CÓDIGO DEL PROGRAMA DE ANÁLISIS DE DATOS 



Script que crea el vector con los datos de los ficheros de texto de los 

Ploggs: 

 

 

%Este Script lee todos los datos de un fichero de texto y los pasa a un 
%vector de 3 dimensiones en la primera esta el dia en la segunda el Plogg  
%y en la tercera si hay actividad o no 

  
%Variables iniciales 
numdia=1; 
numplog=1; 
numminuto = 0; 
MAXDIA=5; 
MAXPLOGG=7; 
MAXMINUTOS=1440; 

 
%Vector donde almaceno los datos 
datosPlogg = zeros(MAXDIA,MAXPLOGG,MAXMINUTOS); 

  
%Leo todos los datos de los ficheros de texto de todos los Plogg y los 
%meto en la posición que les corresponde del vector 
for i=1:MAXDIA 
    numdia = i; 
    %Abro el fichero en modo sólo lectura 
    nom_fich_lectura = [num2str(numdia) , '  000D6F0000354380_1.txt']; 
    fid = fopen(nom_fich_lectura,'r'); 
    numplog=1; 
    numminuto = 0; 

     
    %Leo la primera tira de datos que es la etiqueta con la información  
    %del archivo por lo que no hay que almacenarlos 
    Dato1 = textscan(fid,'%s',13,'delimiter','\t '); 

     
    %Leo el archivo hasta el final 
    while (~feof(fid)) 
        %Inicio la lectura de los datos  
        Dato1 = textscan(fid,'%s',14,'delimiter','\t '); 
        %Creo el vector "a" con la primera tira de datos 
        a = Dato1{1,1}; 

         
        %calculo el minunto que corresponde para saber en que posición va 
        %almacenado el dato 
        numminuto=str2num(a{5})* 60 + str2num(a{6})+1; 

         
        %Creo la logica para cada Plogg porque dependiendo del aparato al 
        %que esta aconectado tiene unos consumos u otros, esta parte  
        %habría que ajustarla si se instalan en con otro aparato 
        if ((str2num(a{12}) == 0.017)|(str2num(a{12}) == 0.018)) 
            %Como quiero saber si ha habido o no actividad en cada  
            %minuto, doy prioridad a que sólo conque en un minuto haya  
            %una acción se quede registrado como que hay actividad 



            if (datosPlogg(numdia,numplog,numminuto)~=1) 
                datosPlogg(numdia,numplog,numminuto)=0; 
            end 
        else 
            datosPlogg(numdia,numplog,numminuto)=1; 
        end 

         
    end 
    fclose (fid); 

     
    %El resto del codigo es como el anterior sólo varia la logica con la 
    %que se ha detectado si hay actividad o no porque depende de cada 
    %electrodomestico. 
    nom_fich_lectura = [num2str(numdia) , '  000D6F000026BCC9_2.txt']; 
    fid = fopen(nom_fich_lectura,'r'); 
    numplog=2; 
    numminuto = 0; 

     
    Dato1 = textscan(fid,'%s',13,'delimiter','\t '); 
    while (~feof(fid)) 
        Dato1 = textscan(fid,'%s',14,'delimiter','\t '); 
        a = Dato1{1,1}; 

         
        numminuto=str2num(a{5})* 60 + str2num(a{6})+1; 

         
        if (str2num(a{8}) == 0) 
            if (datosPlogg(numdia,numplog,numminuto)~=1) 
                datosPlogg(numdia,numplog,numminuto)=0; 
            end 
        else 
            datosPlogg(numdia,numplog,numminuto)=1; 
        end 

         
    end 
    fclose (fid); 

     
    nom_fich_lectura = [num2str(numdia) , '  000D6F0000353F22_3.txt']; 
    fid = fopen(nom_fich_lectura,'r'); 
    numplog=3; 
    numminuto = 0; 

     
    Dato1 = textscan(fid,'%s',13,'delimiter','\t '); 
    while (~feof(fid)) 
        Dato1 = textscan(fid,'%s',14,'delimiter','\t '); 
        a = Dato1{1,1}; 

         
        numminuto=str2num(a{5})* 60 + str2num(a{6})+1; 

         
        if (str2num(a{8}) == 0) 
            if (datosPlogg(numdia,numplog,numminuto)~=1) 
                datosPlogg(numdia,numplog,numminuto)=0; 
            end 
        else 
            datosPlogg(numdia,numplog,numminuto)=1; 
        end 



         
    end 
    fclose (fid); 

     
    nom_fich_lectura = [num2str(numdia) , '  000D6F000026C7B9_4.txt']; 
    fid = fopen(nom_fich_lectura,'r'); 
    numplog=4; 
    numminuto = 0; 

     
    Dato1 = textscan(fid,'%s',13,'delimiter','\t '); 
    while (~feof(fid)) 
        Dato1 = textscan(fid,'%s',14,'delimiter','\t '); 
        a = Dato1{1,1}; 

         
        numminuto=str2num(a{5})* 60 + str2num(a{6})+1; 

         
        if (str2num(a{8}) == 0) 
            if (datosPlogg(numdia,numplog,numminuto)~=1) 
                datosPlogg(numdia,numplog,numminuto)=0; 
            end 
        else 
            datosPlogg(numdia,numplog,numminuto)=1; 
        end 

         
    end 
    fclose (fid); 

     
    nom_fich_lectura = [num2str(numdia) , '  000D6F00007D4C0E_5.txt']; 
    fid = fopen(nom_fich_lectura,'r'); 
    numplog=5; 
    numminuto = 0; 

     
    Dato1 = textscan(fid,'%s',13,'delimiter','\t '); 
    while (~feof(fid)) 
        Dato1 = textscan(fid,'%s',14,'delimiter','\t '); 
        a = Dato1{1,1}; 

         
        numminuto=str2num(a{5})* 60 + str2num(a{6})+1; 

         
        if (str2num(a{8}) == 0) 
            if (datosPlogg(numdia,numplog,numminuto)~=1) 
                datosPlogg(numdia,numplog,numminuto)=0; 
            end 
        else 
            datosPlogg(numdia,numplog,numminuto)=1; 
        end 

         
    end 
    fclose (fid); 

     
    nom_fich_lectura = [num2str(numdia) , '  000D6F000026C7ED_6.txt']; 
    fid = fopen(nom_fich_lectura,'r'); 
    numplog=6; 
    numminuto = 0; 
    b={'0';'0';'0';'0';'0';'0';'0';'0';'0';'0';'0';'0';'0';'0'}; 



    a={'0';'0';'0';'0';'0';'0';'0';'0';'0';'0';'0';'0';'0';'0'}; 

     
    Dato1 = textscan(fid,'%s',13,'delimiter','\t '); 
    while (~feof(fid)) 
        Dato1 = textscan(fid,'%s',14,'delimiter','\t '); 
        b=a; 
        a = Dato1{1,1}; 

         
        numminuto=str2num(a{5})* 60 + str2num(a{6})+1; 

         
        if ((str2num(a{8})-str2num(b{8}) > 13)&&(str2num(a{8})-

str2num(b{8}) < 31)) 
            datosPlogg(numdia,numplog,numminuto)=1; 
        else 
            if (datosPlogg(numdia,numplog,numminuto)~=1) 
                datosPlogg(numdia,numplog,numminuto)=0; 
            end 
        end 

         
    end 
    fclose (fid); 

     
    nom_fich_lectura = [num2str(numdia), '  000D6F000026C892_7.txt']; 
    fid = fopen(nom_fich_lectura,'r'); 
    numplog=7; 
    numminuto = 0; 

     
    Dato1 = textscan(fid,'%s',13,'delimiter','\t '); 
    while (~feof(fid)) 
        Dato1 = textscan(fid,'%s',14,'delimiter','\t '); 
        a = Dato1{1,1}; 

         
        numminuto=str2num(a{5})* 60 + str2num(a{6})+1; 

         
        if ((str2num(a{8}) == 0)|(str2num(a{8}) == 0.103)) 
            if (datosPlogg(numdia,numplog,numminuto)~=1) 
                datosPlogg(numdia,numplog,numminuto)=0; 
            end 
        else 
            datosPlogg(numdia,numplog,numminuto)=1; 
        end 

        
    end 
    fclose (fid); 

     
end 

 

 



Script que crea el vector con los datos de los ficheros de texto de los 

multisensores: 

 

 

%Este Script lee todos los datos de un fichero de texto y los pasa a un 
%vector de 4 dimensiones en la primera esta el dia en la segunda el  
%número de sensor que es, en la tercera el tipo de sensor que es y en la  
%cuarta en caso de ser sensor de temperatura guarda el valor y en caso de  
%ser sensor de posición guarda si hay actividad o no. 

  
%Variables iniciales 
numdia=1; 
numsensor=0; 
tiposensor=0; 
numminuto = 0; 
MAXDIA=5; 
MAXSENSOR=2; 
MAXTIPOSENSOR=2; 
MAXMINUTOS=1440; 

  
%Vector donde almaceno los datos 
datosMulti = zeros(MAXDIA,MAXSENSOR,MAXTIPOSENSOR,MAXMINUTOS); 

  
%En el caso de los multisensores se genera un sólo fichero de texto con  
%la información de todos los días, abro este fichero en modo sólo lectura 
nom_fich_lectura = '1318351328968log.txt'; 
fid = fopen(nom_fich_lectura,'r'); 

  
%Leo la primera tira de datos y no la guardo porque es una etiqueta 
Dato1 = textscan(fid,'%s',1,'delimiter','\t '); 

  
%Leo el archivo hasta su fin para sacar todos los datos 
while (~feof(fid)) 
    %Creo cuatro vectores con la información que me da de los sensores 
    Dato1 = textscan(fid,'%s',8,'delimiter','\t '); 
    a = Dato1{1,1};   
    Dato2=textscan(a{6},'%s',3,'delimiter',';'); 
    b = Dato2{1,1}; 
    Dato3=textscan(a{4},'%s',3,'delimiter',':'); 
    c = Dato3{1,1}; 
    Dato4=textscan(a{8},'%s',1,'delimiter',';'); 
    d = Dato4{1,1}; 
    %Calculo el día de prueba que es. 
    numdia=str2num(a{3})-10; 

     
    %Miro a cual de los dos multisensores coresponde la información 
    if ((b{2})=='0021ED00000463D7') 
        numsensor=1; 
    end 
    if ((b{2})=='0021ED0000033A12') 
        numsensor=2; 



    end 

     
    %saco que sensor es y almaceno la información que me interesa, 
    %(actividad o no actividad para el caso del de posición y el valor de 
    %la temperatura para el otro 
    if (str2num(b{3})==17) 
        tiposensor=1; 
        numminuto=str2num(c{1})* 60 + str2num(c{2})+1; 
        datosMulti(numdia,numsensor,tiposensor,numminuto)=str2num(d{1}); 
    end 
    if (str2num(b{3})==18) 
        tiposensor=2; 
        numminuto=str2num(c{1})* 60 + str2num(c{2})+1; 
        datosMulti(numdia,numsensor,tiposensor,numminuto)=1; 
    end 

     
end 

      
fclose (fid); 

 

 

 



Script que pasa los datos del vector de los Ploggs a vectores con la 

actividad de cada día: 

 

 
%Script que pasa la información del vector con todos los datos de los 
%Ploggs a vectores con las actividades de cada día 

  
%Inicialización de los vectores 
PloggCepillo1=zeros(1,1440); 
PloggCepillo2=zeros(1,1440); 
PloggCepillo3=zeros(1,1440); 
PloggCepillo4=zeros(1,1440); 
PloggCepillo5=zeros(1,1440); 

  
%Pasar los datos de la actividad a su vector correspondiente 
for i=1:1440 

  
PloggCepillo1(i)=datosPlogg(1,1,i); 
PloggCepillo2(i)=datosPlogg(2,1,i); 
PloggCepillo3(i)=datosPlogg(3,1,i); 
PloggCepillo4(i)=datosPlogg(4,1,i); 
PloggCepillo5(i)=datosPlogg(5,1,i); 
end 

  

  
PloggCama1=zeros(1,1440); 
PloggCama2=zeros(1,1440); 
PloggCama3=zeros(1,1440); 
PloggCama4=zeros(1,1440); 
PloggCama5=zeros(1,1440); 

  
for i=1:1440 

  
PloggCama1(i)=datosPlogg(1,2,i); 
PloggCama2(i)=datosPlogg(2,2,i); 
PloggCama3(i)=datosPlogg(3,2,i); 
PloggCama4(i)=datosPlogg(4,2,i); 
PloggCama5(i)=datosPlogg(5,2,i); 
end 

  
PloggLectura1=zeros(1,1440); 
PloggLectura2=zeros(1,1440); 
PloggLectura3=zeros(1,1440); 
PloggLectura4=zeros(1,1440); 
PloggLectura5=zeros(1,1440); 

  
for i=1:1440 

  
PloggLectura1(i)=datosPlogg(1,3,i); 
PloggLectura2(i)=datosPlogg(2,3,i); 



PloggLectura3(i)=datosPlogg(3,3,i); 
PloggLectura4(i)=datosPlogg(4,3,i); 
PloggLectura5(i)=datosPlogg(5,3,i); 
end 

  
PloggTV1=zeros(1,1440); 
PloggTV2=zeros(1,1440); 
PloggTV3=zeros(1,1440); 
PloggTV4=zeros(1,1440); 
PloggTV5=zeros(1,1440); 

  
for i=1:1440 

  
PloggTV1(i)=datosPlogg(1,4,i); 
PloggTV2(i)=datosPlogg(2,4,i); 
PloggTV3(i)=datosPlogg(3,4,i); 
PloggTV4(i)=datosPlogg(4,4,i); 
PloggTV5(i)=datosPlogg(5,4,i); 
end 

  

  
PloggCocina1=zeros(1,1440); 
PloggCocina2=zeros(1,1440); 
PloggCocina3=zeros(1,1440); 
PloggCocina4=zeros(1,1440); 
PloggCocina5=zeros(1,1440); 

  
for i=1:1440 

  
PloggCocina1(i)=datosPlogg(1,5,i); 
PloggCocina2(i)=datosPlogg(2,5,i); 
PloggCocina3(i)=datosPlogg(3,5,i); 
PloggCocina4(i)=datosPlogg(4,5,i); 
PloggCocina5(i)=datosPlogg(5,5,i); 
end 

  

  
PloggNevera1=zeros(1,1440); 
PloggNevera2=zeros(1,1440); 
PloggNevera3=zeros(1,1440); 
PloggNevera4=zeros(1,1440); 
PloggNevera5=zeros(1,1440); 

  
for i=1:1440 

  
PloggNevera1(i)=datosPlogg(1,6,i); 
PloggNevera2(i)=datosPlogg(2,6,i); 
PloggNevera3(i)=datosPlogg(3,6,i); 
PloggNevera4(i)=datosPlogg(4,6,i); 
PloggNevera5(i)=datosPlogg(5,6,i); 
end 

  

  
PloggLavadora1=zeros(1,1440); 



PloggLavadora2=zeros(1,1440); 
PloggLavadora3=zeros(1,1440); 
PloggLavadora4=zeros(1,1440); 
PloggLavadora5=zeros(1,1440); 

  
for i=1:1440 

  
PloggLavadora1(i)=datosPlogg(1,7,i); 
PloggLavadora2(i)=datosPlogg(2,7,i); 
PloggLavadora3(i)=datosPlogg(3,7,i); 
PloggLavadora4(i)=datosPlogg(4,7,i); 
PloggLavadora5(i)=datosPlogg(5,7,i); 
end 

  
t=zeros(1,1440); 
for i=1:24 
    t(1+60*(i-1):60+60*(i-1))=ones(1,60)*i; 
end 

 

 

 



Script que pasa los datos del vector de los multisensores a vectores con la 

actividad de cada día: 

 

 
%Script que pasa la información del vector con todos los datos de los 
%multisensores a vectores con las actividades de cada día y las 
%temperaturas 

  
for i=1:1440 
PosicionBano1(i)=datosMulti(1,2,2,i); 
PosicionBano2(i)=datosMulti(2,2,2,i); 
PosicionBano3(i)=datosMulti(3,2,2,i); 
PosicionBano4(i)=datosMulti(4,2,2,i); 
PosicionBano5(i)=datosMulti(5,2,2,i); 
end 

  
for i=1:1440 
TemperaturaBano1(i)=datosMulti(1,2,1,i); 
TemperaturaBano2(i)=datosMulti(2,2,1,i); 
TemperaturaBano3(i)=datosMulti(3,2,1,i); 
TemperaturaBano4(i)=datosMulti(4,2,1,i); 
TemperaturaBano5(i)=datosMulti(5,2,1,i); 
end 

  
for i=1:1440 
PosicionEntrada1(i)=datosMulti(1,1,2,i); 
PosicionEntrada2(i)=datosMulti(2,1,2,i); 
PosicionEntrada3(i)=datosMulti(3,1,2,i); 
PosicionEntrada4(i)=datosMulti(4,1,2,i); 
PosicionEntrada5(i)=datosMulti(5,1,2,i); 
end 

 

 

 



Script que trata la temperatura del baño para verla como actividad o no 

de ducha: 

 
 
%Script que mira la temperatura que hay en el baño y si aumenta por  
%encima de un valor, registra en un vector que hay actividad de baño 

  
TemperaturaBano1tratada=zeros(1,1440); 
for i=1:1440 
    if (TemperaturaBano1(i)<23.5) 
            if (TemperaturaBano1tratada(i)~=1) 
                TemperaturaBano1tratada(i)=0; 
            end 
    else 
            TemperaturaBano1tratada(i)=1; 
    end 
end 

  
TemperaturaBano2tratada=zeros(1,1440); 
for i=1:1440 
    if (TemperaturaBano2(i)<23.5) 
            if (TemperaturaBano2tratada(i)~=1) 
                TemperaturaBano2tratada(i)=0; 
            end 
    else 
            TemperaturaBano2tratada(i)=1; 
    end 
end 

  
TemperaturaBano3tratada=zeros(1,1440); 
for i=1:1440 
    if (TemperaturaBano3(i)<23.5) 
            if (TemperaturaBano3tratada(i)~=1) 
                TemperaturaBano3tratada(i)=0; 
            end 
    else 
            TemperaturaBano3tratada(i)=1; 
    end 
end 

  
TemperaturaBano4tratada=zeros(1,1440); 
for i=1:1440 
    if (TemperaturaBano4(i)<23.5) 
            if (TemperaturaBano4tratada(i)~=1) 
                TemperaturaBano4tratada(i)=0; 
            end 
    else 
            TemperaturaBano4tratada(i)=1; 
    end 
end 

  



TemperaturaBano5tratada=zeros(1,1440); 
for i=1:1440 
    if (TemperaturaBano5(i)<23.5) 
            if (TemperaturaBano5tratada(i)~=1) 
                TemperaturaBano5tratada(i)=0; 
            end 
    else 
            TemperaturaBano5tratada(i)=1; 
    end 
end 

 

 

 



Script que trata las acciones de entrar/salir de casa 

 

 
%Script que transforma eventos de entrar/salir de casa a situaciones como  
%estar en casa o estar fuera de casa 

  

  
Salir1=zeros(1,1440); 
PloggAnterior=0; 
Sale= false; 
for i=1:1440 
    if ((PloggAnterior-PosicionEntrada1(i))==-1) 
        if (Sale == false) 
            Sale = true; 
        else 
            Sale = false; 
        end 
    end 
    if (Sale == false) 
        Salir1(i)=0; 
    else 
        Salir1(i)=1; 
    end 
    PloggAnterior=PosicionEntrada1(i); 
end 

  

  
Salir2=zeros(1,1440); 
PloggAnterior=0; 
Sale= false; 
for i=1:1440 
    if ((PloggAnterior-PosicionEntrada2(i))==-1) 
        if (Sale == false) 
            Sale = true; 
        else 
            Sale = false; 
        end 
    end 
    if (Sale == false) 
        Salir2(i)=0; 
    else 
        Salir2(i)=1; 
    end 
    PloggAnterior=PosicionEntrada2(i); 
end 

  

  
Salir3=zeros(1,1440); 
PloggAnterior=0; 
Sale= false; 
for i=1:1440 
    if ((PloggAnterior-PosicionEntrada3(i))==-1) 



        if (Sale == false) 
            Sale = true; 
        else 
            Sale = false; 
        end 
    end 
    if (Sale == false) 
        Salir3(i)=0; 
    else 
        Salir3(i)=1; 
    end 
    PloggAnterior=PosicionEntrada3(i); 
end 

  

  
Salir4=zeros(1,1440); 
PloggAnterior=0; 
Sale= false; 
for i=1:1440 
    if ((PloggAnterior-PosicionEntrada4(i))==-1) 
        if (Sale == false) 
            Sale = true; 
        else 
            Sale = false; 
        end 
    end 
    if (Sale == false) 
        Salir4(i)=0; 
    else 
        Salir4(i)=1; 
    end 
    PloggAnterior=PosicionEntrada4(i) 
end 

  

  
Salir5=zeros(1,1440); 
PloggAnterior=0; 
Sale= false; 
for i=1:1440 
    if ((PloggAnterior-PosicionEntrada5(i))==-1) 
        if (Sale == false) 
            Sale = true; 
        else 
            Sale = false; 
        end 
    end 
    if (Sale == false) 
        Salir5(i)=0; 
    else 
        Salir5(i)=1; 
    end 
    PloggAnterior=PosicionEntrada5(i) 
end 

 

 



Script que trata las acciones de levantarse/acostarse a dormir: 

 

 
%Script que transforma eventos de acostarse/levantarse a actividades 
%de estar levantado o estar durmiendo 

  

  
Dormir1=zeros(1,1440); 
PloggAnterior=0; 
Duerme= false; 
for i=1:1440 
    if ((PloggAnterior-PloggCama1(i))==-1) 
        if (Duerme == false) 
            Duerme = true; 
        else 
            Duerme = false; 
        end 
    end 
    if (Duerme == false) 
        Dormir1(i)=0; 
    else 
        Dormir1(i)=1; 
    end 
    PloggAnterior=PloggCama1(i); 
end 

  

  
Dormir2=zeros(1,1440); 
PloggAnterior=0; 
Duerme= false; 
for i=1:1440 
    if ((PloggAnterior-PloggCama2(i))==-1) 
        if (Duerme == false) 
            Duerme = true; 
        else 
            Duerme = false; 
        end 
    end 
    if (Duerme == false) 
        Dormir2(i)=0; 
    else 
        Dormir2(i)=1; 
    end 
    PloggAnterior=PloggCama2(i); 
end 

  

  
Dormir3=zeros(1,1440); 
PloggAnterior=0; 
Duerme= false; 
for i=1:1440 
    if ((PloggAnterior-PloggCama3(i))==-1) 



        if (Duerme == false) 
            Duerme = true; 
        else 
            Duerme = false; 
        end 
    end 
    if (Duerme == false) 
        Dormir3(i)=0; 
    else 
        Dormir3(i)=1; 
    end 
    PloggAnterior=PloggCama3(i); 
end 

  

  
Dormir4=zeros(1,1440); 
PloggAnterior=0; 
Duerme= false; 
for i=1:1440 
    if ((PloggAnterior-PloggCama4(i))==-1) 
        if (Duerme == false) 
            Duerme = true; 
        else 
            Duerme = false; 
        end 
    end 
    if (Duerme == false) 
        Dormir4(i)=0; 
    else 
        Dormir4(i)=1; 
    end 
    PloggAnterior=PloggCama4(i); 
end 

  

  
Dormir5=zeros(1,1440); 
PloggAnterior=0; 
Duerme= false; 
for i=1:1440 
    if ((PloggAnterior-PloggCama5(i))==-1) 
        if (Duerme == false) 
            Duerme = true; 
        else 
            Duerme = false; 
        end 
    end 
    if (Duerme == false) 
        Dormir5(i)=0; 
    else 
        Dormir5(i)=1; 
    end 
    PloggAnterior=PloggCama5(i); 
end 

 



Script que dibuja las gráficas de las actividades con la base de tiempos en 

horas: 

 

%Script que dibuja una gráfica del tipo area con la base de tiempos 
%en horas 

  
figure1 = figure('Color',... 
    [0.831372559070587 0.815686285495758 0.7843137383461]); 

  
% Crear ejes 
axes1 = axes('Parent',figure1,... 
    

'XTickLabel',{'0','1','2','3','4','5','6','7','8','9','10','11','12','13'

,'14','15','16','17','18','19','20','21','22','23','24'},... 
    'XTick',[0 60 120 180 240 300 360 420 480 540 600 660 720 780 840 900 

960 1020 1080 1140 1200 1260 1320 1380 1440]); 

  
box(axes1,'on'); 
hold(axes1,'all'); 
% Crear area aqui cambiamos cada vez la actividad que queremos 

representar 
area(PloggTV4,'LineWidth',0.5,'FaceColor',[1 0 0],'EdgeColor',[1 0 0],... 
    'DisplayName','TV4'); 

  

  
% Crear etiqueta eje x xlabel 
xlabel('Hora'); 

  
% Crear etiqueta eje y ylabel 
ylabel('Actividad'); 
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Abstract— Elders live preferently in their own home, but 
with aging comes the loss of autonomy and associated risks. In 
order to help them live longer in safe conditions, we need a tool 
to automatically detect their loss of autonomy by assessing the 
degree of performance of activities of daily living. This article 
presents an approach enabling the activities recognition of an 
elder living alone in a home equipped with noninvasive sensors. 

I. INTRODUCTION 

N FRANCE, in 1999, there were about 12 million people 
aged 60 and over, with approximately 11.6 million living 
at home and a little more than 3.2 million living isolated at 

home [1, 2]. This is 98% of the 65-74 living at home, and 
less than 1% in rest home; after 74, 90% live at home and 
8% in rest home. The concept of “Aging in place” for the 
elders living alone still presents some risks at short-term 
(fall…) or longer-term (bad feeding, insufficient hygiene, 
loss of autonomy…). A research for improvement of the safe 
living conditions of isolated elders at home is thus 
necessary. 

Our case study is a Health Smart Home equipped with 
only noninvasive presence sensors (PIR sensors - Presence 
Infra Red sensors - and/or magnetic door contacts). This 
type of health smart home, simple and respectful of the 
person’s private life, works in a passive way without 
involving the participation of the occupant. It aims at 
ensuring a safe life to an elder person living alone 
independently. In the literature, the majority of studies 
related to this type of health smart home concerns technical 
aspects or the monitoring of some behaviors of a person, like 
for example his mobility [3] or the use of some devices [4]. 
Our own objective is to recognize the performance of the 
Activities of Daily Living (ADL) defined by Katz [5, 6, 7] 
so as to evaluate the autonomy of this person and to generate 
an alert in case of a loss of autonomy. 

In a previous paper [8], we introduced a sequential 
processing method which transforms recorded sensor data 
into a sequence of ‘Mobile – Immobile’ states (MIs). We 
present here the next step in the data processing to recognize 
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7 of the daily activities (5 ADL defined by Katz: bathing, 
dressing, toileting, transferring, feeding and 2 additional 
activities: getting up, going to bed) performed by the 
occupant from the precedent MIs sequence. 

We first describe the platform which supports our study. 
We then present an approach for the automatic recognition 
of the ADL. We finally conclude and give some prospects 
for our study. 

II. MATERIALS 

A. Platform 

Our study platform, named the AILISA platform [9], 
includes two apartments in the tenement house Notre Dame 
at Grenoble, France. Two apartments, each one inhabited by 
an elder, were equipped with PIR sensors respectful of the 
elders’ private life. Their occupants gave their informed 
consent to the study. Figure 1 presents the configuration of 
the apartments with the location of the PIR sensors. 

 
Fig. 1. Apartment’s plan and its sensor network. The shaded triangles 

indicate the coverage of each PIR sensor. 

In this platform, the PIR sensors are placed in the areas of 
interest to record all the occupant movements. The PIR 
sensors record events and not states: if the person stays 
immobile she won’t be detected again and we suppose that 
she is in the room where she was detected the most recently. 
The sampling rate of the PIR sensors is 1 Hz. 

B. Primary data 

Each detection of the PIR sensors is recorded with date, 
time of occurrence and identifier of the sensor.  

Detection [Date] [Hour] [Sensor Number] 

With:  Date - [Day] [Month] [Year] 
   Hour - [Hour] [Minute] [Second] 

An example of data is given in figure 2. 
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Fig. 2. Example of raw data 

In some rooms, the detection areas of the PIR sensors are 
not completely disjointed. Thus, if a movement of an 
occupant activates two sensors at the same time, only one 
detection will be recorded by the system. 

The occupants were asked to fill in a questionnaire about 
their life habits (usual time and duration of ADL). The 
rhythm of daily living and the information about ADL of the 
occupants were obtained from this questionnaire. This is our 
base of knowledge to define the rules for the recognition of 
activities in the following step. 

III. METHODS 

We introduce the process of data processing in figure 3. 
Daily recorded sensors detections are transformed into a 
sequence of ‘Mobile – Immobile’ states (MIs) by the 
sequential processing step. Recognition rules are used 
searching the states sequence for the performance of the 
ADL. We compare the activities sequence obtained with the 
usual activities sequence and give a mark on their 
differences. 

 
Fig. 3. Process of data processing 

Based on the performance mark, we monitor the evolution 
of rhythm of daily living. We consider it is a good indicator 
of the autonomy of the occupant. 

A. Sequential processing 

We summarize here the sequential processing method 
which was presented in our previous paper [8]. This method 
analyzes recorded sensor detection (see fig. 2) and produces 
a list of the mobile – immobile states of the occupant in each 
room: 

[Room] [State] – States sequence 

Or:   

[Room] [State] [Duration] [Start time] [End time] – States 
list 

This method determines an immobile state based on 2 
criteria:  

- Time interval I, separating 2 consecutive sensor 
activations. If the duration between 2 consecutive sensor 
activations is higher than the interval I, it is considered as an 
immobile state of the occupant. 

- Number of activations N, on which one or more sensors 
were activated. Two immobile states are considered 

disjoined or different if there are at least N sensors 
activations between the end of the first immobile state and 
the beginning of the second. If not, the two immobile states 
are considered as the same immobile state and they are 
combined. 

For example, with I = 10s and N = 5, the criterion 
becomes: if the duration between 2 consecutive activations 
is higher than 10s, there is a new immobile state. Moreover, 
there has to be at least 5 sensor activations so that this 
immobile state is considered disjoined from the preceding 
immobile state. 

The mobile states are deduced from the remaining 
durations after withdrawal of the time intervals 
corresponding to the immobile states. 

This method can be illustrated by the following flow chart: 

 
Fig. 4. Flow chart of the sequential processing method 

The resulting sequence of MIs depends on the choice of 
parameters I and N. In a previous paper [8], we validated our 
method on a supervised scenario, which we knew all the 
details (the activities performed and their duration). Thus, 
we could adjust the values of I and N in order to best fit the 
sequence of MIs to the scenario. Here we apply this method 
on real data from the AILISA platform. As we do not know 
precisely the activities performed by the occupant and their 
duration within a day, we can not use the technique above 
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for determining the values of I and N. We propose to adjust 
the values of I and N by the following process: 

 
Fig. 5. Process for determining the values of I and N 

We choose the highest possible value for I so that the 
sequence of MIs is the shortest possible. For that, we use the 
following rule: the occupant is supposed to be always mobile 
in the kitchen, at the lavabo or under the shower. Therefore, 
we increase the value of I until there are no more immobile 
state detected in the kitchen, at the lavabo or under the 
shower. But a too high value of I can mask the activities 
with short duration (eating…). We then fix an upper limit of 
I = 120s for the whole of the rooms except the W.C. (we fix 
I = 15s for the W.C. because the toileting activity is shorter 
than others). For N, we increase the value of N until the 
recognized activities sequence does not change anymore. 
We noted that the value of N had little influence on the 
recognized activities sequence of 31 days of data. We thus 
fixed N = 5 for this case study (this sensor network and this 
occupant). When we analyze the daily data, we start with 
determining I then N. This technique of choosing I and N 
can be adapted to other apartments and the values obtained 
for I and N can be different for other case studies. 

Figure 6 presents the variation of I value day after day. 

 
Fig. 6. Values of I during 31 days 

The method presented above allows to find the MIs 
sequence of the occupant from the data provided by the 
sensors. We will use thereafter the states sequence to 
recognize the activities of daily living of the occupant. 

B. Activities recognition 

The activities recognition which we propose is based on 
the fact (hypothesis) that we can represent the activities by a 
sequence of mobile (M) and immobile (I) states. We 
distinguish 3 types of activities. The type A comprises 
activities that are 100% mobile (taking a shower, dressing, 
cooking…). The type B contains activities 100% immobile 
(sleeping…). The third type, type C, mixes mobile and 
immobile activities. This type C comprises 2 groups: C1 –

more mobile activities (eating, drinking…) and C2 –less 
mobile activities (toileting, reading, watching TV…). In the 
ideal cases, a type A activity is represented by a sequence: 

principal room

long duratio

secondary room secondary room

short duration short durationnM MM− − . A type B activity is 
represented by a sequence:  

principal room

long durat

secondary room secondary room

short du

principal room principal room

short duration short duraration short duratiti ononionM MM MI− − − − . 
A type C1 activity is represented by a sequence:  

principal room principal room principal room

lo

principal room principal room

short duration short ng duration long duration long duraduratio tionnI IM M M− − − − . 
A type C2 activity is represented by a sequence:  

principal room principal room principal room

short duration short duration

principal room principal room

long duration l short durationong durationM M MI I− − − − . 

The above sequential processing method gives us a mobile 
– immobile states sequence which represents the activities 
performed all the day long by the occupant. We then analyze 
this states sequence to recognize daily activities of the 
occupant. We chose to recognize 5 ADL defined by Katz 
(bathing, dressing, toileting, transfer and feeding) and 2 
additional activities (getting up and going to bed). The 
degree of performance of the Katz ADL is a criterion to 
assess the state of dependence of an elder. Moreover, 
knowing if the getting up time or the bedtime changes day 
after day is also a good indicator of the elder health. 

The method of activities recognition is described by the 
flow chart in figure 7. 

Global sequence: M-I states 
sequence of a day

Search for all occurrences of the 
particular sequence in the global 

sequence

Particular sequence: M-I states 
sequence representing an activity

Temporal constraints of an activity: 
usual time, duration

Occurrences found:
Potential performance times of the 

activity

Eliminate cases 
unsatisfactory

Performance time of the activity

Particular constraints of an activity: 
unity, chronological order

Combine performance time of 
many activities

Activities sequence performed in 
the day

 
Fig. 7. Flow chart of the activities recognition method 

We first determine the particular sequence of MIs for each 
activity. Then with the questionnaire about the life habits of 
the occupant, we build the temporal and particular 
constraints for each activity. Afterward, we follow the steps 
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of the above flow chart to transform the sequence of MIs 
into sequence of activities. 

For example, the getting up activity is characterized by a 
long immobile period in the bedroom, then a short mobile 
period in the bedroom and then a mobile period in another 
room. The getting up is thus translated into the characters 
string ‘2i2m0m’ (the numbers represent the sensor numbers, 
given in figure 1, and the letters represent the states of the 
occupant, mobile or immobile; 2i2m0m thus means bed-
immobile, bed-mobile, entrance-mobile). In order to 
determine the getting up time, we locate this characters 
string in the states sequence. For the temporal constraints, 
the getting up time must be before midday and the duration 
of the immobile state in the bedroom ‘2i’ must be longer 
than 10 minutes. For each getting up found, if the first 
following immobile state in the bedroom has a duration 
longer than 10 minutes and the distance between them is less 
than 20 minutes, we will eliminate this getting up. The result 
is the earliest getting up time among all the getting ups 
founds. 

For the eating activity, its beginning is characterized by the 
scenario: mobile in the kitchen, then mobile in the living 
room and then immobile in the living room; and its end is 
characterized by the scenario: immobile in the living room, 
then mobile in the living room and then mobile in the 
kitchen. Both scenarios are translated into the characters 
string ‘5m1m1i’ and ‘1i1m5m’. In order to determine the 
meals time, we locate these characters strings in the states 
sequence. The temporal constraints depend on the type of 
meal in day and on the life habit of the occupant. For the 
breakfast, the beginning time must be after 6 o’clock and 
before 8 o’clock. For the lunch, the beginning time must be 
after 10 o’clock and before 15 o’clock. For the dinner, the 
beginning time must be after 16 o’clock and before 21 
o’clock. In all the three cases, the duration of the immobile 
state in the living room ‘1i’ must be longer than 1 minute. 

Figure 8 presents the result of the recognition rules on the 
data of 31 days at the AILISA platform. 

 

 
Fig. 8. Rhythm of daily living of the occupant during 31 days 

To make an evaluation of the accuracy of this method, we 
need the help of the occupants: we expect them to complete 

their daily activity log for some days, and then we will apply 
our method on the corresponding data. 

IV. CONCLUSION 

The work presented in this paper is a next step towards a 
tool for the automatic assessment of the dependence of 
elders, using only information coming from noninvasive 
presence sensors, placed in a health smart home for elders. It 
first allows detecting the ‘mobile – immobile’ states 
sequence of the occupant in the various rooms of his 
apartment. Then, from these sequences, we use the 
recognition rules to recognize some of the ADL which are of 
interest for the assessment of the autonomy of the occupant. 
Note that our platform does not enable us to manage 
situations of multiple-occupancy. We focus our study on the 
case of single occupancy. 

We are now working on the step of building the marking 
rules. Marking rules will assess the difference between the 
recognized activities sequence and the usual activities 
sequence (time, duration, and chronological order of each 
activity) and will put a performance mark for each activity 
and for each day monitored. The evolution of performance 
marks of days monitored will be used for detecting the loss 
of autonomy of elders. The result of data processing at the 
AILISA platform (see fig. 8) showed the variation of going 
out duration of the occupant. It will have a considerable 
influence on the validity of the marking rules. 
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ABSTRACT 

To improve the quality of life for the elderly and disabled whose 
number keeps increasing in all industrialized countries, a smart 
multisensor system based on advanced telecommunication and 
infonnatioii technology has been developed. It is designed to 
nioiiitor these people so as to bring them more security and safety 
without disturbing their life. The living habits and behaviour of 
the elderly have thus been recorded with multisensor system. To 
be able to learn the habits of this group of people: Artificial 
Neural Networks ( A N N s )  are used. Thus any behavioural change 
can be diagnosed. The multisensor system along with the ANN 
methodology used for learning and some system functionalities 
are described. For one functionality, the results of habits learning 
are equally given. 

I. INTRODUCTION 

In all industrialized and developed countries, the progress of 
Medeciiie has increased life expectations and caused a decline in 
the birth rate, leading to a greater proportion of elderly and 
disabled people in the population. Thus population ageing 
requires on the part of society that it fully addresses the 
expectations and needs of the elderly in terms of better living, and 
more security, comfort and communications. The use of 
“Assistive Teclniology” allows two types of assistance to be 
extended to these people to eidiance the quality of their lives. 
Indeed, active support devices like auditory aids compensating for 
a hearing deficiency can be employed or integrated systems and 
services allowing the users’ social integration to be preserved or 
restored can equally be developed with the view of helping them 
in their daily life. In this context, we have developed an 
intelligent house automation system capable of monitoring the 
elderly and the disabled so as to enable them to live 
independently. This system relies on the ultimate derelopnients 
in the field of Artificial Intelligence notably ANNs,  Expert 
Systems, multisensing fusion of data, smart processors as well as 
a thorough analysis of the real needs and wishes of the end users 
and the acceptance of the system proposed. The aim is to follow 
the persons concenied be they disabled or old, without disturbing 
their daily tasks by placing a number of sensors in their home or 
flat to sense any going in or out, to measure light, and 
temperature and the amount of power consumed, etc ,.. These 
devices are connected to a computer allowing identification of 

daily habits by multisensing hsion of data. Thus habits can be 
learned and the right decisions made in case a major discrepancy 
occurs relative to the habits learned. 

In this paper, Section I[ is concerned with the architecture of a 
multisensor system in the course of being installed in an 
institution for the elderly. The principle and methodology used for 
learning the habits are given in Section III. The various 
functionalities of the system (presencdabsence, comfort, mobility, 
etc ...) are presented in Section N. Lastly Section V gives some 
results on the functionality of the presence/absence (learning the 
time table). Section VI gives the conclusion. 

IL ARCHITECTURE OF THE SMART SYSTEM 

The system is currently being installed in an institution for the 
elderly and the disabled. Thus twelve rooms have been connected 
to the system (see Fig. 1) : 

i) In each room, an array of sensors is designed to collect the 
information reflecting the behaviour of the elderly and disabled 
person. These sensors are straightforward, 12 V or 24 V devices 
(all or nothing) equipped with dry or analog contacts connected to 
digital or analog input modules : 

Flat 1 

t 
User I 

Computer =q+--+a5 
I I 

BUS 

Fig. 1. Architecture of the System 
C 1, C2, C3 = sensors 
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- 3 magnetic contact sensors are housed in the gates and protude 
on the window. When opening has been detected, the contact is 
“1” and “0” in the opposite case (closing) ; 
- 5 active (IR) detectors have been placed on the external gate 
mount allowing estimation of size and determination of whether 
the person is entering or leaving the room. These devices have 
been laid out at lm50, 111160 and 1m70 and one against the wall 
just behind the entrance/exit door. They consist of an emitter (IR 
barrier) and a receptor ; 
- 6 passive (IR) detectors are employed to detect motion. These 
have been placed on the ceiling at a height of 2m92 and form a 
circle on the floor having a diameter of about 212120. These 
detectors respond to any heat variations and hence to any 
individual’s movements ; 
- 2 temperature probes (located respectively indoors and 
outdoors) are connected to two relays delivering a voltage 
between 0 and 10 V which is proportional to temperature. Thus 
the temperature limit can be controlled ; 
- 2 press buttons replace the conventional switches. The 
information thus collected pennits to determine \diether lighting 
is on or not ; 
- an overintensity switch is equally employed to know whether the 
TV set is on. Thus the overintensity threshold can be controlled. 
ii) A computerized monitoring station made up of a PC computer, 
a screen and keyboard are used. This PC can store the learning 
data base containing the habits of each old person being 
monitored. This learning data base is also referred to as history. 
The PC computer can also be employed to store any information 
about the user. This is what we call the identification in Fig. 1. 
(i.e. the civil status, etc ...). The computer uses all the pieces of 
software that allow learning of the habits and daily decision 
making and diagnosis. Lastly, this PC also serves as a dialog or 
interface box for monitoring personnel between them and the 
multisensor system. 
iii) A Binary Unit System (BUS) serves as a link between the PC 
and the sensors. 

. 

111. PRINCIPLE AND METHODOLOGY 

Multisensing . 
Real Time 

Observation 

It has been assumed that the elderly lives alone in his/her 
bedroom with repetitive and identifiable habits that fonn the 
basis of the diagnosis in case a discrepancy is detected relative to 
1iisAier usual behaviour. A N N s  [ 11 are therefore used for learning 
the habits, depending on a number of parameters. Each ANN is in 
itself a dense interconnection between the fonnal neurons which 
constitute the information processing units having currently 
nonlinear transfer functions and act in parallel. One of the 
advantages of the networks is that they can be used as “black 
boxes”. They can model any system without a priori knowledge of 
its internal function. It suffices to have a set of Input/Output 
vectors from the experiment and is characteristic of the task to be 
modelled. This set of data constitutes the learning data base. 
Learning is the procedure that consists of finding and adapting the 
parameters of the A N N s  in such a nay that the process to be 
modelled is as much approximated as possible. The network is 
fully defined by type of the formal neurons, the architecture of the 
coiuiectioiis and the learning rule. We use neurons that activate as 
a function of the input data and transmit this activation to the 
other neurons to which output is connected. It performs tluee 
functions: an input function which is the 

Real Time 
Prediction 

Module 

D 

. 
4 I ’  

ata 
+ 

Human and 
Environment 

I. Real Time Monitoring 
or Command Phase 

- 
Data 

Factors 

I ’  ....... I ................................................... ...........--.....-. 
- 

I. Learning Phase 

Fig. 2. Principle Used 

weighted sum of the input data and the weights of the network, an 
activation function which is a sigmoid, the output function 
used being a linear function. As an architecture we chose the one 
in which the neurons are arranged in layers and where the 
activations propagate from layers to layers up to the output layer 
with only one hidden layer. It is the backpropagation algorithm of 
gradient which is employed as a learning rule to obtain a gradient 
descent [2] of the sum of errors of the network outputs and to fmd 
the parameters of the ANN. Once the ANN has been built up, the 
system operated daily furnishes an output to an input which may 
not be part of the set of data used for learning. Giiren the data 
recorded in real time, the multisensor system provides the state of 
the situation. Comparison with the prediction made by the 
learning software allows diagnosis of a normal or abnormal 
situation. 
The principle used is summarized in Fig. 2. Three phases are 
planned in the implementation of the system : 
- learning the habits of the elderly with the designer ; 
- testing with an analysis of the wrong alarms (if any) ; 
- daily handling as such. 

IV. THE FUNCTIONALITTES OF THE SMART 
MONITORING SYSTEM 

The system consists of several functionalities (see Fig. 3.) : 
presence/absence, location, mobility, comfort. 

IV. 1. Presence/Absence Function or Time Table Learning 

It is assumed the elderly has a fairly regular time table in his flat. 
Once the multisensor system has been turned on, the data 
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Data IV. 3. Mobility Function 
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Presence 

3 

1 
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Localisation 
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I 

Localisation 

+ + 
Diagnosis 1 

Fig. 3 .  Flow Chart of the Fonctionalities ofthe Smart System 

data from the sensors start to be recorded. A history of all the 
eliterings and leavings can be obtained along with their time and 
frequency. Identification of the person entering tlie flat is based 
on this. As soon as a person enters the room, the history should 
enable us to detect whether he is the occupant or not. The “size” 
sensors mounted at the flat entrance provide an additional piece 
of infomation for identification purposes. The visits to the elderly 
are first considered as disturbing factors like noise. 
The data recorded is made up of- a succession of 
presenceshbsences over a week, thus forming the learning data 
base. The latter gives the time table. An ANN is built up so as to 
learn it. For example an inpuuoutput data vector is equal to (20 
inn, 30 11111, 50 inn, 40 mi ; lOnui), the first number corresponds 
to the presence of 20 minutes in the flat, the second to tlie 
absence of 30 nui and so on as so forth, the network providing as 
output a presence of 10 inn. During the generalisation phase or 
daily use: the network yields the output for an input data vector. 
The sensor system will therefore provide in real time the presence 
or absence of the occupant. hi case of discrepancy between the 
prediction given by the ANN and the response of the multisensor 
system, the alann will be triggered off. 

IV. 2. Location Function 

This function is more complex and yields the time table of the 
elderly no longer as a succession of presences/absences, but in the 
form of a time table with activity cycles, providing the 
multisensor system has located the occupant precisely and 
determined his activity like getting up, having a wash, watching 
TV, having a meal, etc ... with the duration of such activities. 
According to the same principle the system learns these data. 
During the generalisation phase or daily use, an output is given 
for an input vector data. An alarm triggers out if a discrepancy 
between the output of the ANN and the real time response of the 
nmltisensor system is detected relative to the usual behaviour. 

This function measures at any moment in time the mobility of an 
old person in his bedroom as a number of kilometers done since a 
time origin and for a given duration. Like in the other functions, 
learning the habits in terms of mobility is performed by the ANN. 

IV. 4. Comfort Function 

This function allows managing the power needed to maintain the 
user’s comfort [3]. The system performs an optimization of the 
power used for heating without intervention of the user based 
on : 
- the learning of the user’s habits (comfort temperam) ; 
- the learning of the usual temperatures in the room according to 
tlie environmental parameters ; 
- the learning of the user’s time table (presence/absence in his 
room). 

The user’s habits in terms of the temperature of a room where the 
elderly lives are stored using statistics or an ANN. The learning 
of the usual room temperature depending on the different 
environmental conditions (outside temperature, sunshine, inside 
temperature of the adjoining rooms, etc ...) and on the amount of 
power consunled by the heating element is processed by building 
the ANN. At daily use, a piece of s o h a r e  compares predicted 
comfort temperature of the user and the effective temperature of 
the room. Then using the function presence/absence (cf 
paragraphe IV l), it searches if the person is present or absent 
from the room, the turning on or off of the heating element being 
anticipated before the arrival or departure of the user or is simply 
maintained and adapted to the temperature desired if the user is 
present. No manual programming for the heating is needed. 

V. RESULTS 

The learning base used is a set of combinations between a 
succession of past times denoting the presences/absences (inputs) 
and the time immediately following (output), over a period of one 
week. This learning base is then normed (using valuds between 0 
and 1). The study has focused on the identification of the neural 
networks capable of learning “by heart” this learning base from 
initial weights selected at random between -0.5 and +OS : this is 
an essential first step in the learning of habits and their 
vanations. In addition this learning has been done with structures 
made up of three to four layers exibiting four to five neurons in 
the input layer, one neuron in the output layer and from 3 to 26 
neurons in the hidden layers. The presented results (in the form of 
convergence rates) are statistics computed from the results found 
for each learning following random selection of the initial 
weights, that is a mean value over 200 to 300 learnings. 
Thus if the convergence rate reaches 90 percent, it means that a 
neural network whose initial weights are randomly selected must 
have 9 chances out of 10 of providing the right time table. 
The results obtained are summarized in Fig. 4. 
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Fig. 4. Convergence Rates 

The thee-layer networks are therefore 100 % reliable from 14 
neurons in the hidden layer. The same also holds for certain four- 
layer structures. 

The latter structures are then compared. The coniparison criterion 
referred to as the computational number, is the number of times a 
weight from the whole network is modified. Within a multiplying 
factor, it is approximately the computation time needed for 
leaming. The results found are summarized in Fig. 5.  
Two comparisons can be made, namely : 
- according to the number of hidden layers : generally, three 
hidden layers require less computations than four ; 
- between the number of neurons in the input layer : similarly, 5 
neurons seem preferable to 4. 
This trends is confirmed on the other leaming bases. 

Finally, it appears that the time tables are learned in a reliable 
maimer by the three-layer networks including five neurons in the 
input layer, from 18 to 26 in the hidden layer and one in the 
output layer. 
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Fig. 5.  Computational Numbers 

VL CONCLUSION 

In this paper we have developed a smart house automation system 
for monitoring the elderly and the disabled so as ta help them live 
independently while respecting their autonomy. The principle 
used is original. It consists of learning the habits ofthk. old person 
and relies on this, to arrive at a diagnosis in case of a change in 
his behaviour. This system operates on its own and requires no 
human intervention. It could be used by the elderly who are not 
always prepared to handle complex technical systems. The system 
is being installed. The next step will consist of studying the 
identification part of the occupant on site and testing the different 
functionalities with the users. 
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Abstract—With the rapid growth of the elderly population, there
is a need to support the ability of elders to maintain an independent
and healthy lifestyle in their homes rather than through more ex-
pensive and isolated care facilities. One approach to accomplish
these objectives employs the concepts of ambient intelligence to
remotely monitor an elder’s activities and condition. The Smart-
House project uses a system of basic sensors to monitor a person’s
in-home activity; a prototype of the system is being tested within
a subject’s home. We examined whether the system could be used
to detect behavioral patterns and report the results in this paper.
Mixture models were used to develop a probabilistic model of be-
havioral patterns. The results of the mixture-model analysis were
then evaluated by using a log of events kept by the occupant.

Index Terms—Ambient intelligence, human behavior models,
mixture models.

I. INTRODUCTION

THE population of Americans over 65 numbered 35 million
in 2000, comprising 12.7% of the total population and is

projected to more than double to over 70 million by 2030, while
the 85 population is expected to increase from 4.2 million in
2000 to 8.9 million in 2030 [1]. With this proliferation of the
elderly population also comes an increased need for services for
the elderly, including assisted-living facilities. However, many
elderly desire to stay in their own private residences for as long
as possible, and thus methods are needed to allow them to do so
safely and at reasonable costs.

One possible method to help enable elders to live indepen-
dently is to employ the concepts of ambient intelligence by
installing remote monitoring technologies in elders’ homes.
The technologies could alert relatives, caregivers, or health-care
personnel of any change in an elder’s normal activity pattern.
The monitoring technologies should maximize the privacy of
elders while still providing information of any problems or
deviations from normal habits. As a result, simple and inex-
pensive motion-detection sensors are likely preferred to more
invasive technologies such as video recording. However, the
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ability of basic sensors to detect a person’s behavioral patterns
needs to be examined.

The primary objective of this paper is to examine whether a
system of basic motion sensors could detect behavioral patterns
and, thus, to provide the foundation for an ambient intelligence
approach to elder care. A mixture-model framework was used
to develop a probabilistic model of behavior and was tested on
data from the University of Virginia’s SmartHouse system. The
results were then compared to a user log to provide validation of
the patterns. The effect of analyzing behavior during work and
off-days separately was also examined.

The remainder of this paper is organized as follows.
Section II describes the background of the SmartHouse project
and related literature. Section III describes the mixture-model
analysis methodology. Section IV presents the results of the
mixture-model analysis. Section V compares the mixture-model
results to the user log. Section VI presents some conclusions.

II. BACKGROUND

The Medical Automation Research Center (MARC) at the
University of Virginia established a SmartHouse project to eval-
uate the ability to use a system of various sensors to provide
monitoring health checks. A prototype of the system was in-
stalled in the residence of a volunteer subject to examine the
use of such technology. This SmartHouse system consists of
a series of motion detection and on–off switches. Eight mo-
tion-detection sensors have been installed, one in each room of
the house (bedroom, bathroom, office, living room, kitchen, and
laundry room/back door area), one at the front door, and one
in the shower. These sensors fire whenever there is movement
within the sensor’s area of coverage. The switches are installed
primarily in the kitchen and indicate actions such as the opening
of a kitchen cabinet or the microwave. Sensor readings are col-
lected continuously and consist of the sensor and the time at
which the sensor readings were recorded.

There have been several other research projects that have in-
vestigated the use of various sensor technologies on monitoring
of daily activity [4], [5], [13]–[15], [18]. Data-analysis tech-
niques have included using plots and histograms to observe pe-
riodic patterns and infer activities [15], [18], comparing sensor
readings to a daily activity log [13], [14], and using neural net-
works to predict how long a person will spend in or out of
a single-room environment based on a succession of previous
times spent in and out of a room [5]. Other research efforts have
examined cyclical behavioral patterns, using probability esti-
mates to detect deviations from the normal amount of time a
person spends in a room in an hour [16].

1083-4427/$20.00 © 2005 IEEE
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This paper expands upon these previous studies by applying
a probabilistic approach to real data collected from a multiroom
environment. It improves upon the studies performed on real
data in a home-monitoring environment by utilizing a formal
statistical methodology. Compared to the study using neural net-
works to predict the time spent in or out of a room, this work
allows for a multiroom environment. The paper differs from the
research on cyclical behavioral patterns that applied an algo-
rithm to simulated data by using real data and not dividing the
day into discrete hour time periods. This allows for the examina-
tion of behavioral patterns that may fluctuate between multiple
discrete hours.

Examining the research in other monitoring systems outside
of the home-health domain shows that there are a couple of ex-
amples where clustering and mixture-model methods have been
applied to analyze sensor data. Mathews and Warwick examined
the use of clustering techniques for identifying maintenance re-
quirements on industrial machinery [12]. Goodman employed
mixture models to classify target types (e.g., personnel, vehicle,
background) based on data collected from unattended ground
sensors [9]. These two papers demonstrate the use of clustering
techniques in a sensor system domain and show the potential for
their application in the field of home-health monitoring.

III. MIXTURE-MODEL METHODS

A. Data

A total of 65 days of data collected from the SmartHouse
motion sensors during a 12-week period were used in the mix-
ture-model analysis presented here. The data were randomly
split into a training and test set using an approximate 3/5 to 2/5
ratio to divide the days. Data from 40 of the days constituted the
training set, while data from the remaining 25 days were used
as the test set.

An observation in the data represents the time spent in one
room before moving to the next room. We considered four at-
tributes associated with each observation: 1) the sensor location;
2) the start time; 3) the length of time spent in the room; and 4)
the activity level while in the room. The activity level is defined
as the number of sensor firings while in the room, divided by
the time (in seconds) spent in the room.

The observation data set was derived from the raw motion
sensor data collected in a log file on a personal computer in the
SmartHouse. The log file was chronologically ordered with each
line displaying the sensor ID and the time when motion was de-
tected. The sensor ID maps to one of the eight motion-detection
sensors and was used to determine the room where motion oc-
curred. Consecutive detections of motion in the same room were
then combined into one observation. For example, consider the
sample sequence of motion detections shown in Table I. The re-
sulting observation used in the mixture-model analysis is shown
in Table II. The observation represents an event occurring in the
kitchen, starting at a time of 15 s, lasting 80 s, and having an
activity level of 0.05.

B. Mixture Models

Mixture models were applied to the sensor data to develop a
probabilistic model of event types which could represent under-

TABLE I
SAMPLE SEQUENCE OF MOTION SENSOR DATA

TABLE II
SAMPLE OBSERVATION DERIVED FROM SEQUENCE

OF MOTION DATA IN TABLE I

lying behavioral activities of the subject. The mixture-model ap-
proach is an unsupervised learning method of event estimation
with other such methodologies including self-organizing maps
[11] and -means clustering [10].

The mixture-model approach served to cluster the observa-
tions with each cluster considered to be a different event type.
An event type is thus defined to be a cluster of data observations
(e.g., long lengths of time spent in the kitchen in the evening),
while an activity is defined as an actual behavior performed by
the subject (e.g., preparing dinner). Assuming that the sensor
readings came from a mixture of different activities, then the
distribution of sensor properties should vary based on the ac-
tivity. For example, consider the activities of checking e-mail
and putting a book away on the office bookshelf. Both of these
activities would occur in the office and be detected by the of-
fice motion sensor; however, the length of time spent in the of-
fice would be expected to be longer for checking e-mail. As-
suming that these were the only two activities, a graph showing
the frequency of each length of time spent in the office would be
expected to have two peaks, one representing the normal time
spent for checking e-mail and the other for putting a book away.
Mixture models can then be applied to the combined distribu-
tion to separate sensor firings occurring during e-mail checking
from those resulting from putting a book away. With a mixture
model the combined distribution is assumed to be a mixture of

different groups. The appropriate number of clusters must
be determined along with the density-function parameters for
each group and the assignment of each observation to the ap-
propriate group.

More formally, the mixture-model approach assumes that the
density function for the data can be modeled as a mixture of
individual density functions, with each density function repre-
senting a separate cluster. The density function for the data can
be written as

(1)
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The subscript specifies a particular cluster, while is a
random vector for the observations. The mixing proportion is

with for all k and . The term repre-
sents the Gaussian density function of a particular cluster [3].

Each cluster can be represented as a Gaussian model of type

(2)

The cluster has dimensions and is centered at mean with
the variance-covariance matrix, , determining the scaling
properties [2]. For the data used in this analysis, is a vector
of the means of the time of day , length of time in the room

, and activity level attributes

(3)

The covariance matrix can be decomposed into the form:
with the matrix determining the orien-

tation of the cluster, the matrix describes the shape, the
scalar determines the volume, and the superscript denotes
the transpose of the matrix [2]. The orientation, shape,
and volume were allowed to vary between the clusters for the
analysis.

The maximum likelihood criterion was used to determine the
mixing proportions and density parameters. The objective was
then to maximize the log-likelihood of the parameters given the
data. This is represented as

(4)

where denotes the set of parameters [3].
The expectation maximization (EM) algorithm was applied

to calculate the parameter estimates and the assignment of ob-
servations to groups that maximized the log-likelihood [6]. This
algorithm consists of an iterative two-step process. When ap-
plied to mixture modeling, the -step involves computing the
probability that observation belongs to group given the cur-
rent parameter estimates and assigning each observation to the
group for which the probability is the highest.

if belongs to group
otherwise

(5)

In the -step, the log-likelihood criterion is used to compute
the parameter estimates given the current set of assignments of
observations to groups

(6)

The number of groups can be determined by comparing the
Bayesian information criterion (BIC) value for different num-
bers of groups with

(7)

where is the maximized mixture likelihood of the
model, is the number of parameters estimated in the
model, and is the number of observations [6].

C. Application of Mixture Models

The EM algorithm was applied to the training set data to de-
velop the mixture-model parameters and assign observations in
the training set to clusters. The algorithm was run separately
on each sensor type. The number of clusters was selected by
choosing the model with the highest BIC value. The -step of
the algorithm was then used to assign the observations in the test
set to the clusters. This process was repeated for the subset of
data corresponding to each individual cluster. For a cluster to be
further subdivided, the BIC value for two or more clusters must
exceed that for one cluster. This iterative step helps prevent dif-
ficulties caused by clusters of different sizes.

After using mixture models to divide the data into clusters,
the clusters representing potentially significant event types must
be determined. Some groups may consist of simply random
events or several different types of underlying events that may
not be part of a consistent pattern of behavior. For example,
if 50-s events in the kitchen occur at about the same density
throughout the day, they may all be placed in one group. Such
events could represent many types of underlying activities from
walking through the kitchen on the way to the back door, to get-
ting a quick snack, to checking on dinner. Random events are
assumed to most likely be those of short time lengths that do
not occur consistently at the same time of day.

Groups were considered to be significant if they met either
a length or time-range criterion and occurred on at least 25%
of the days. To determine whether the length of time was sig-
nificant, the mixture-model-clustering algorithm was applied to
the mean length of time values for all groups. The groups were
split into two clusters with groups in the cluster with the longer
lengths of time considered to be significant. A similar approach
was used to determine whether the range of start times was sig-
nificant. The range of start times was calculated for all groups,
and mixture modeling was used to divide the groups into two
clusters. The groups in the cluster with the smaller time ranges
were considered to be significant.

D. Analysis of Work and Off-Days

There may be significant differences in behavioral patterns
between days when the subject works and days when the subject
is off and, thus, before trying to discover patterns, it was impor-
tant to first categorize the days into work and off-days. However,
the subject works a variable schedule, and whether a day is actu-
ally a work or off day is not known; thus, unsupervised learning
methods must be applied. The main indication of a work day is
a lack of activity in the house during the daytime hours. As a
result, the number of motion sensor firings during the daytime
hours could be used to classify the days. However, even on work
days, there could be some sensor firings during the day due to
occurrences, such as the opening of the front door or a sensor
firing because of an outside event such as a door slamming in the
basement apartment. Also, on off-days, errands might be run,
leaving several hours without activity. Hence, classifying the
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days could not be simply based on examining the data for an 8-h
period of no activity. Instead, a clustering approach was applied
to the hourly counts of the number of motion-sensor firings. This
allowed for grouping the days with low activity without setting
an arbitrary cut-off for the number of sensor firings in a partic-
ular hour that can occur.

The number of motion-sensor firings was calculated for
each discrete hour, and agglomerative hierarchical clustering
using Ward’s method was applied to the hours from 7 am.
to 7 pm. This method begins by placing each observation in
its own cluster. Clusters are then iteratively merged until all
clusters are combined. Ward’s method attempts to minimize
the within-cluster variance by merging the clusters with the
minimum sum of squares [17].

This clustering method divided the days into two primary
clusters with 37 days being classified as off-days and 28 identi-
fied as work days. The mixture-model analysis was then applied
separately to the work and off-days and the combined data set.
Results of the mixture-model analysis on these sets were com-
pared and are described in the next section.

IV. MIXTURE-MODEL RESULTS

A. Metrics

Several performance metrics were used to evaluate the results
of the mixture-model analysis. One performance metric for each
individual cluster is the uncertainty values for the assignment of
the observations to the cluster. For each cluster, the probability
that the observation belongs to the cluster was calculated. The
uncertainty is then one minus this probability value. Let rep-
resent the uncertainty for cluster , represent the number of
observations assigned to cluster , and the probability that
observation belongs to cluster

(8)

A second metric compares the estimated probabilities of a
cluster in the training and test sets. For example, based on an
event space consisting of the different clusters, the
estimated probability of event A is the number of occurrences of
event divided by the total number of event occurrences

(9)

The probability of event for the training and test sets can then
be compared using a percent error metric

(10)

Similarly, the probability that event occurs at least once a day
can be compared between the training and test sets. In this case,
the probability of event occurring on a day was estimated by
dividing the number of days on which event occurred
by the total number of days in the data set

(11)

TABLE III
SIGNIFICANT CLUSTERS THAT MEET EVALUATION

CRITERIA FOR COMBINED DATA

Another metric involves comparing the parameter values
of the mean length of time and mean time of day properties
as calculated by the mixture-model algorithm ( and

) to the estimated values of the parameters from the
test set clusters ( and ). The differences can be
normalized by dividing by the parameter standard deviations to
provide an estimate of consistency between the properties of
the test set clusters and the original model

(12)

(13)

B. Results From the Combined Data Set

The data were grouped into 139 clusters. The mean uncer-
tainty level for each observation in the training set was 0.1016
and the standard deviation was 0.1468. For the test set, the mean
uncertainty level for each observation was 0.1087 and the stan-
dard deviation was 0.1509. For the training set, 72.76% of the
uncertainty values were less than 0.20 while 73.08% of the test
set observations had uncertainty values less than 0.20. The per-
cent of values exceeding 0.50 uncertainty was 1.90% for the
training set and 2.14% for the test set.

Of the 139 clusters, 44 were determined to be significant. Fif-
teen of these 44 clusters exceeded a mean uncertainty level of
0.20, indicating a relatively high level of uncertainty for some of
the clusters for the training set data. These clusters were eval-
uated using the test set. Comparing the percentage of days on
which a cluster occurred in the training and test sets showed
that many of the clusters showed a consistent rate of occurrence;
however, 19 had percent errors exceeding 0.20. For the measure
representing the percentage of days on which at least one obser-
vation in the cluster occurred, there were also 19 clusters with
percent errors exceeding 0.20. When comparing the time of day
attribute between the test set and model parameters, one cluster
differed from the mean parameter by more than one standard
deviation while six additional clusters differed from the mean
parameter by more than one half the standard deviation. For the
length of time parameter, one cluster differed from the mean pa-
rameter by more than three times the standard deviation. All of
the other clusters had an estimated mean within one standard de-
viation of the mean parameter value with four clusters exceeding
one half of the standard deviation. Similar to the training set, the
mean uncertainty levels for clusters in the test set included both
low and high levels of uncertainty with the mean uncertainty ex-
ceeding 0.2 for 15 clusters. Table III summarizes the number of
clusters that met each of these criteria.
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TABLE IV
COMPARISON OF OFF, WORK, AND COMBINED MODEL RESULTS

Of the significant groups, 12 had uncertainty levels under 0.20
for both the training and test sets, had error rates of less than 0.20
for the percentage of observations and percentage of days mea-
sures, and were within one standard deviation of the parameter
mean for the time of day and length of time parameters. These 12
groups include four bedroom clusters, three office sensor clus-
ters, one living room cluster, one front door sensor cluster, one
laundry room cluster, and two kitchen clusters.

C. Effect of Evaluating Work and Off-Days Separately

When the off and work day data were analyzed separately,
the mean uncertainty for both the training and test sets was less
than for the combined data set, showing an improvement in per-
formance. The mean uncertainty for the work data at 0.034 56
was especially low. Furthermore, the standard deviations of the
parameter values for the separate off and work day models were
in general smaller than for the combined data. As a result, de-
spite the smaller number of observations, there were a similar
number of significant clusters and significant clusters that met
all the evaluation criteria. Table IV summarizes the comparison
between the off-day, work-day, and combined data models.

The results of the off, work, and combined data sets were
further compared on each of the evaluation criteria. The results
showed a significantly higher rate of errors in the percentage of
observations measure for the separate off and work day models.
Only 32.5% of the significant clusters for the off-day data and
28.6% of the clusters for the work-day data had percent errors
less than 0.2 for the measure. This compares to 56.8% for the
combined model. Another measure where the error rates were
higher for the separate models was in the comparison of param-
eter values to the test set mean time and mean length values.
For the combined model, there was only one cluster for both at-
tributes where the difference exceeded one standard deviation.
In comparison, for the work-day data set fourteen observations
exceeded a difference of one standard deviation for the time of
day parameter and ten observations exceeded a difference of one
standard deviation for the length of time parameter. The uncer-
tainty metric was the main one that showed improvement from
the combined model to the separate models. Tables V and VI
show the number of significant clusters that met each evalua-
tion criteria for the off and work day data sets.

V. COMPARISON TO USER LOG

An activity log from the subject was collected for a period
of 37 days that did not correspond to the days used in the mix-
ture-model analysis. The log was created by the subject using a

TABLE V
SIGNIFICANT CLUSTERS THAT MEET EVALUATION CRITERIA FOR OFF DAYS

TABLE VI
SIGNIFICANT CLUSTERS THAT MEET EVALUATION CRITERIA FOR WORK DAYS

customized PDA, where several event types, as well as the lo-
cation of the activity, could be selected. The subject was asked
to log activity entries in as close a time proximity to the activity
event as possible. The PDA automatically stamps the entry with
the correct date and time. The log consisted of 448 entries where
one of 26 activity types was selected. These entries were com-
pared to the significant clusters that met all of the evaluation
criteria for the combined, off-day, and work-day data sets.

The clusters were compared to the log-entry events by
noting for events of the same sensor type whether the time the
log-event was recorded occurred within one standard deviation
of the mean start and end time for a cluster. For the combined
data, 42.19% of the log-entry events occurred within one
standard deviation of the 12 clusters meeting all the evaluation
criteria. This percentage was 41.07% for the off-day clusters,
22.54% for the work-day clusters, and 59.15% when the off-
and work-day clusters were combined. When clusters from all
three data sets were used, the percentage was 66.29%. This
percentage included all bedroom and front-door entries 75.0%
of the office entries, 64.2% of the kitchen entries, 45.3% of the
bathroom entries, 37.5% of the living room entries, and only
5.4% of the laundry room entries. These results help validate
that the results of the mixture-model analysis represent many
of the patterns of one event type that actually occurred.

The clusters were then compared to the activity log to de-
termine which clusters may potentially represent an activity.
Of the 12 clusters from the combined data, nine represented at
least 25% of the occurrences for at least one activity type. The
corresponding activities included sleep, waking-up, changing
clothes, computer use, television use, and meal activities. For
the off-day data, seven of the clusters corresponded to an ac-
tivity with the activities including all of the previous types ex-
cept television use plus toilet use. The work-day data had the
lowest number of clusters corresponding to activities at six. The
activities included sleep, changing clothes, toilet use, entering
the house from the front door, and eating. These results show
that most of the significant clusters correspond to actual event
patterns.
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VI. CONCLUSION

The results of this analysis demonstrate that a remote mon-
itoring system with inexpensive motion sensors, such as the
SmartHouse, can be used to detect behavioral patterns. The
mixture-model results show that there are clusters that occur
consistently over time with low classification uncertainty.
Such clusters represent behavioral patterns of one event type.
Comparison of these results to the user activity log shows
that even though the data are from different time periods the
significant clusters accurately represent many of the recorded
events. Identifiable events include sleep behavior, changing
clothes, bathroom/toilet use, leaving/returning home, and meal
preparation, which constitute the majority of the activities of
daily living that are used in functional assessments performed
by healthcare professionals. Evaluating the work and off-days
separately helps to reduce the uncertainty in classification of
observations and provides a method for detecting event patterns
that may be specific to work or off-days.

For future application, a SmartHouse-type system could be
adapted to meet the needs of the individual user. Additional sen-
sors could be used and placed where needed to monitor spe-
cific concerns. The analysis methodology described in this paper
could then be utilized to provide a baseline characterization of
the user’s activity pattern, which could be refined through in-
teraction with the user, and provide a reference for detecting
behavioral changes. As such, the results described here provide
the basis for turning the current SmartHouse technologies into
ones with greater intelligence that can adapt the environment to
user needs and conditions.
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Abstract—In this paper we propose a new multisensor based
activity recognition approach which uses video cameras and
environmental sensors in order to recognize interesting elderly
activities at home. This approach aims to provide accuracy and
robustness to the activity recognition system. In the proposed
approach, we choose to perform fusion at the high-level (event
level) by combining video events with environmental events. To
measure the accuracy of the proposed approach, we have tested
a set of human activities in an experimental laboratory. The
experiment consists of a scenario of daily activities performed
by fourteen volunteers (aged from 60 to 85 years). Each
volunteer has been observed during 4 hours and 14 video scenes
have been acquired by 4 video cameras (about ten frames per
second). The fourteen volunteers were asked to perform a set of
household activities, such as preparing a meal, taking a meal,
washing dishes, cleaning the kitchen, and watching TV. Each
volunteer was alone in the laboratory during the experiment.

I. INTRODUCTION

Human activity recognition is an important part of cogni-

tive vision systems because it provides accurate information

about the behavior of the observed people. A major goal

of current computer vision research is to recognize and un-

derstand human motion, short-term activities and long-term

activities. The application areas for these vision systems are

mostly surveillance and safety. Activity recognition is be-

coming also important in the application area of healthcare.

In this paper, an approach combining heterogeneous sensor

data for recognizing elderly activities at home is presented.

In this approach we propose to combine data provided by

video cameras with data provided by environmental sensors

to monitor the interaction of people with the environment.

We also propose an adapted description language to let users

(i.e. medical staff) to describe the activities of interest into

formal models. The proposed approach aims to recognize

a large number of activities at home. The environmental

sensors we use are attached to house furnishings. They are

easy to install in home environments and removable without

damage to the cabinets or furniture. The proposed sensors

require no major modifications to existing homes and can

be easily retrofitted in real home environments.

As described in Fig. 1, the input of the proposed multisensor

approach consists in the data provided by the different

sensors. Its output is a set of XML files and alarms stored

in a database and also a 3D visualization of the recognized

events. The proposed approach exploits three major sources

Figure 1. Architecture of the Proposed Approach

of knowledge: the 3D model of person (e.g. 3D size of

person), the models of events predefined in collaboration

with gerontologists and the 3D information of the scene (e.g.

position and size of furniture, zones of interest). The paper

is organized as follows. In section II, we present the related

work in the area of monitoring human activities at home.

In section III, we briefly present the video analysis task.

Section IV presents the environmental sensor analysis task.

In this section we describe the proposed sensor model which

is necessary to combine heterogeneous sensor data. Then

section V describes the event recognition approach and how

the events are modeled. Section VI presents the multisensor

event fusion approach. Section VII presents our experiments

and the obtained results. In this section we describe which

sensors are used and why. Finally, section VIII presents our

conclusion and the future work.

II. RELATED WORK

Over the last decade, much effort has been put into

developing and employing a variety of sensors to moni-

toring activities at home, including camera networks for

people tracking [1], cameras and microphones for activity

recognition [2], [3], and embedded sensors for activity

detection [4], [5].

There has also been a significant amount of research work

in the area of recognition of Activities of Daily Living

(ADLs). Recently, Jesse Hoey et al. [6] successfully used
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only cameras to assist person with dementia during hand-

washing. The system uses only video inputs, and combines

a Bayesian sequential estimation framework for tracking

hands and towel, with a decision using a partially observable

Markov decision process. Several projects have investigated

the use of different sensors to provide a “smart” environment

for the observation of activities of daily living (ADLs).

Examples include Georgia Tech’s “Aware Home” [7], Im-

perial College’s UbiMon system [8], SAPHE project [9],

the Welfare-Techno house in Japan [10] and MIT’s Place-

Lab [11]. Most of these systems have been limited in the

variety of activities they recognize and their robustness to

noise. In particular, most of them use sensors that provide

only a very coarse idea of what is going on. For example,

by detecting only movement in a room, it is not possible to

detect which activity occurs in the room. In this paper we

propose an approach for activity recognition that addresses

these problems by combining the use of video cameras with

environmental sensors to determine when a person uses the

household equipment and to detect most of the activities

at home. Our work differs from the other works in two

key ways. First, we propose to combine video cameras with

environmental sensors embedded in the home infrastructure

in order to recognize a set of interesting elderly activities at

home. Second, we let users (i.e. medical staff) to describe the

activities of interest into formal models by using an adapted

description language [12].

III. VIDEO ANALYSIS

Video analysis aims at detecting and tracking people

evolving in the scene. To achieve this task, we have used a

set of vision algorithms coming from a video interpretation

platform described in [13]. A first algorithm segments mov-

ing pixels in the video into a binary image by subtracting the

current image with the reference image. The reference image

is updated through out the time to take into account changes

in the scene (e.g light, object displacement, shadows). The

moving pixels are then grouped into connected regions,

called blobs. Using calibrating information, a set of 3D

features such as 3D position, width and height are computed

for each blob. Then the blobs are classified into predefined

classes (e.g. person). After that the tracking task associates

to each new classified blob a unique identifier and maintains

it globally throughout the whole video. Fig. 2 illustrates the

detection, classification and tracking of a person.

IV. SENSOR ANALYSIS

In this section, we firstly describe the environmental

sensor processing part, after that we describe the proposed

sensor model which is necessary to fuse multisensor sys-

tems.

A. Environmental Sensor Processing
The physical sensor (e.g. electrical sensor) produces a

response to the surrounding environment. For instance the

Figure 2. Detection, classification and tracking of a person.

electrical sensor triggers a signal when an appliance is used.

The raw data collected by the physical sensors is processed

to produce high-level representations of sensed object. This

process converts the physical sensor response into a rep-

resentative value of the raw environmental characteristics,

such as electrical current.

B. Sensor Modeling

A sensor is characterized by various parameters such as

the zone it covers, the precision of its measurement through

this zone, its placement and the perturbations to which it is

sensitive. The covered zone can be very variable depending

on the sensors. For a camera, this zone is the field of view

and for a contact sensor this zone is reduced to a point.

Because each sensor type has different characteristics and

functional description, it is necessary to find a general

model that is independent of the physical sensors, and that

enables comparison of the performance and robustness of

such sensors. For solving this issue we propose a generic

sensor model in order to develop a coherent and efficient

representation of the information provided by sensors of

different types. This representation provides a means for

recovery from sensor failure and also facilitates reconfigura-

tion of the sensor system when adding or replacing sensors.

In this work, we consider five attributes associated with each

sensor observation:

• Measurement Type M : This includes the name of the

physical property (e.g. sound, light, pressure) which is

measured by the sensor and the units in which it is

measured.

• Sensor Location x: This is the position of the sensor

in the scene referential.

• Time t: This is the time when the physical property

is measured. In real-time systems the timestamp of a

measurement is often as important as the value itself.

• Measurement y: This is the value of the physical

property as measured by the sensor. The physical

property may have more than one dimension and this

is the reason we represent it as a vector y.

• Uncertainty Δy: This is a generic term and includes

many different types of errors relatively to y, includ-

ing measurement errors, calibration errors and sensor
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failure errors.

Symbolically we represent a sensor observation using the

following 5-tuples: O =< M, x, t, y,Δy > .

Despite the growing research interest in monitoring ac-

tivities at home, relatively little work has been carried

out in extending them to encompass the management of

uncertain information [14]. Sources of uncertainty include

uncertain measurement, uncertain time and uncertain event.

In the proposed sensor model we only take into account

measurement uncertainty. In our approach we propose to

model measurement uncertainty by using probability den-

sity function (pdf) of measurement, where the pdf’s mean

value and variance correspond to the measurement estimate

and the measurement uncertainty respectively. To calculate

the estimated value and variance of the measurement, we

use the discrete probability density distribution. Under this

model, the value of a given measurement is represented as

a collection of alternative values, each with an associated

probability.

V. EVENT RECOGNITION

In order to express the semantics of the activities a

modeling effort is needed. The models correspond to the

modeling of all the knowledge needed by the system to

recognize events occurring in the scene. To allow security

operators to easily define and modify their models, the

description of the knowledge is declarative and intuitive

(in natural terms). In this work, we propose to represent

the activities of interest into a formal model that satisfies

a number of constraints by using the event description

language proposed by Vu et al. [12]. We have extended this

language to address complex activity recognition involving

several physical objects of different types (e.g. person, chair)

in a scene observed by video cameras and environmental

sensors and over an extended period of time.

A. Model of Events

The event models correspond to the modeling of all the

knowledge used by the system to detect events occurring in

the scene. The description of this knowledge is declarative

and intuitive (in natural terms), so that the experts of the

application domain can easily define and modify it. Four

types of event (called components) can be defined: primitive

states, composite states, primitive events and composite

events. A primitive state (e.g. a person is located inside

a zone) corresponds to a perceptual property characterizing

one or several physical objects (i.e. actors). A composite
state is a combination of primitive states. A primitive event
corresponds to a change of primitive state values (e.g. a

person changes a zone). A composite event is a combination

of primitive states and/or primitive events.

An event model M of an event E is composed of five parts:

”physical objects” (a set of variables whose values corre-

spond to the physical objects involved in E), ”components”

(a set of variables whose values correspond to the event

instances composing E), ”forbidden components” (a set

of variables corresponding to all event instances that are

not allowed to be recognized during the recognition of E),

”constraints” (a set of conditions between the physical ob-

jects and/or the components to be verified for the recognition

of E, they include symbolic, logical, spatial and temporal

constraints (Allens interval algebra operators [15])), and

”alerts” (an optional part of an event model which cor-

responds to a set of actions to be performed when E is

recognized).

B. Examples of Event

We have modeled several primitive states, primitive events

and composite events. In particular, we have modeled ten

video events related to the location of the person in the scene

(e.g. inside kitchen, inside livingroom, inside bedroom,

inside entrance, stay inside kitchen). We have also modeled

ten environmental events related to the status of various

house furnishings (e.g. drawer is open, chair is pressed, stove

is on).

C. Event Recognition

The event recognition process we used [12] is able to

recognize which events are occurring in the scene at each

instant. To benefit from all the knowledge, the event recog-

nition process uses the coherent tracked mobile objects, the

a priori knowledge of the scene and the predefined event

models. To be efficient, the recognition algorithm processes

in specific ways events depending on their type. Moreover,

this algorithm has also a specific process to search previously

recognized events to optimize the whole recognition. The

algorithm is composed of two main stages. First, at each

step, it computes all possible primitive states related to all

mobile objects present in the scene. Second, it computes all

possible events (i.e. primitive events then composite states

and events) that may end with the recognized primitive

states.

VI. MULTISENSOR EVENT FUSION

The sensor fusion can be classified into different levels

according to the input and output data types [16]. The

fusion may take place at the data level, feature level and

decision level. In the data level fusion, the raw output data of

sensors are combined. In the feature level fusion, each sensor

provides observational data from which a feature vector is

extracted. These vectors are then concatenated together into

a single feature vector. The decision level fusion involves

combination of sensor high level output data (e.g. event).

The use of sensor fusion at the decision level facilitates an

extensible sensor system, because the number and types of

sensors are not limited. In our approach, we use a fusion

process at the decision level (i.e. event level) to address

the problem of heterogeneous sensor system. For this, we

100



combine the video events with the environmental events

described above (section V-B) in order to detect more rich

and complex events. The use of an heterogeneous sensor

system involves a synchronization task to cope with the

different output data frequencies of the sensors. To solve

this issue, we currently use different configurations of delays

between components composing a complex event. More

precisely, we define different event models corresponding to

variations of delays between environmental and video sensor

outputs. The multisensor event recognition algorithm takes

as input the sensor events and the a priori knowledge of

complex events to be recognized. An event model M should

be recognized at an instant t if all its components have been

recognized, its last (using the temporal order) component

being recognized at the given instant t.
For this experimentation, we have modeled twelve household

activities (corresponding to ADLs) including: using the

fridge, using the cupboards, using the drawers, using the

microwave, using the stove, watching TV, washing dishes,

taking a meal, and preparing a meal. An example of the

modeling event ”taking a meal” is presented in table I.

In this example, ”Taking a meal” model contains four

physical objects (i.e. person, zone1, zone2, equipment1 and

equipment2), five components, eight constraints and one

alert. The components include the location of the person

in the livingroom, close to table, the pressed state of the

chair and the sitting posture of the person in the livingroom.

The constraints include 4 spatial constraints related to the

zone and the equipments involved in the event, and 4

temporal constraints including the duration of the sub-events.

When these components occurred and all the constraints are

verified, the taking meal event is recognized and an alert is

triggered.

Table I
TAKING A MEAL MODEL

CompositeEvent(TakingMeal,
PhysicalObjects((p : Person), (z1 : Zone), (z2 : Zone),
(eq1 : Equipment), (eq2 : Equipment))
Components((c1 : PrimitiveState InLivingroom(p, z2))
(c2 : PrimitiveState CloseToTable(p, eq1))
(c3 : CompositeState ChairPressed(p, eq2))
(c4 : CompositeState PersonSeatedInLivingroom(p, z2))
(c5 : CompositeEvent PreparingMeal(p, z1)))
Constraints ((z1’s Name = Kitchen),
(z2’s Name = Livingroom)
(eq1’s Name = table),
(eq2’s Name = chair)
(c2 Duration >= threshold1)
(c3 Duration >= threshold2),
(Start of c4 > End of c5),
(c4 Duration >= threshold3))
Alert(AText (”Person takes a meal”)
AType(”NOTURGENT”) )

VII. EXPERIMENTAL RESULTS

In this section, we describe which sensors we are used

and why. First, we discuss the overall monitoring goals.

After that, we list the sensors used in these experiments

and present the experimental laboratory we have built for

these experiments. Finally, we show and discuss the obtained

results.

A. Monitoring Goals

Monitoring activities at home is predominantly composed

of location and activity information. Below is a list of exactly

what we wish to automatically recognize.

• Presence: Determine whether one or several individu-

als are present in the environment.

• People Tracking: Determine the location of each per-

son (e.g. in the kitchen).

• Motion: Recognize whether and how a person is mov-

ing (e.g. walking).

• Activities of Daily Living (ADLs): Recognize daily

activities such as cooking, eating, bathing, toilet-

ing [17], [18].

B. Sensor Choice and Placement

For the experiments, we choose to use commonly avail-

able sensors that they do not have to be worn or carried (non

intrusive). The selected sensors can easily and quickly be

installed in home environments and are removable without

damage to the cabinets or furniture.

• Video cameras: These sensors were used to detect and

track people evolving in the scene. They are installed in

all rooms but bathroom to locate people at each time.

• Contact sensors: These inexpensive magnetic contact

sensors indicate a closed or open status. They are placed

on drawers, cupboards, cabinets and fridge. These

sensors are also useful in determining the interaction

with kitchen furnitures, such as cupboards, drawers, and

fridge.

• Pressure sensors: These sensors are used to detect

presence on chairs and beds. They are placed under

chairs, armchairs, and bed.

• Water flow sensors: When placed in water pipes

these sensors trigger a signal when flow exceeds some

thresholds. They are placed on hot and cold water pipes

and toilets.

• Electrical sensors: These sensors measure consump-

tion of the current flow in a circuit, reporting when

current exceeds some thresholds, e.g., whenever an

appliance is used. They are placed on electrical outlets,

to monitor the amount of current flowing to circuits.

• Presence sensors: These sensors are installed in front

of the sink, the cooking stove and the washbowl to

detect the presence of people nearby.

A laboratory (called GERHOME) equipped with the dif-

ferent sensors previously cited has been built to evaluate

the performance of the multisensor system and to explore

the activities that can be recognized by such a computer

system. Fig. 3 shows some pictures, and a 3D visualization
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of the Gerhome laboratory. This laboratory looks like a

typical apartment of an elderly person: 41m2 with entrance,

livingroom, bedroom, bathroom, and kitchen. The kitchen

includes an electric stove, a microwave, a fridge, cupboards,

and drawers. See Fig. 4 for an overview of a typically

instrumented home.

Figure 3. Gerhome laboratory. (a) The livingroom; (b) the kitchen; (c)
the 3D visualization of the kitchen.

Figure 4. Overview of a typically instrumented home.

C. Experiment and Obtained Results

While evolving in the Gerhome laboratory, fourteen vol-

unteers (aged from 60 to 85 years) have been observed,

each one during 4 hours to measure the accuracy of the

detected events recognized by the multisensor system. The

fourteen volunteers were asked to perform a set of household

activities, such as preparing a meal, taking a meal, washing

dishes, cleaning the kitchen, and watching TV.

Among all analyzed data, preliminary results for one volun-

teer observed during 4 hours are shown in table II. This table

summarizes the ground truth (GT), the true positive (TP), the

false negative (FN), the false positive (FP), the precision (P)

and the sensitivity (S) of the recognition of a set of states

and events. P = TP/(TP + FP ) and S = TP/GT .

The primitive states ”in the kitchen” and ”in the livingroom”

Table II
RESULTS FOR RECOGNITION OF A SET OF STATES AND EVENTS

States and events GT TP FN FP P S
In the kitchen 12 8 4 2 80% 66%
In the livingroom 20 17 3 4 81% 85%
Using fridge 10 8 2 3 72% 80%
Using stove 6 4 2 2 66% 66%
Preparing meal 1 1 0 1 50% 100%
Taking meal 1 1 0 1 50% 100%

are well recognized by video cameras. The few errors in

the recognition occur at the border between livingroom

and kitchen. These errors are due to noise and shadow

problems. In the other events the errors in the recognition are

sometimes due to noise and shadow problems and sometimes

due to the sensor measurement errors (e.g. pressure sensor

active when a person puts something on the chair).

Fig. 5 and Fig. 6 show respectively the recognition of

”preparing a meal” and ”taking a meal” activities and the

3D visualization of these recognitions.

Figure 5. (a) Recognition of ”preparing a meal” activity. (b) the 3D
visualization of this recognition.

Figure 6. (a) Recognition of ”taking a meal” activity. (b) the 3D
visualization of this recognition.

Preliminary results, comparing two elderly people (volun-

teer 1 and volunteer 2), observed during 4 hours are shown in

table III. This table summarizes the Mean duration M1 and

Table III
RESULTS OF RECOGNITION OF A SET OF ACTIVITIES COMPARING TWO

ELDERLY PEOPLE (VOLUNTEER 1 (64 YEARS) AND VOLUNTEER 2 (85
YEARS))

Volunteer 1 Volunteer 2 ND
Activity M1 IN M2 IN NDA NDI

(N1) (N2)
Using 0:12 14 0:13 5 4% 47%
fridge
Using 0:08 35 0:16 102 33% 49%
stove
Sitting 6:07 12 92:42 2 87% 71%
on chair
Standing 0:09 200 0:16 45 28% 63%
Bending 0:04 30 0:20 15 67% 33%

M2 (min:sec) of an instance, the Instance Number IN (N1

and N2), the Normalized Difference ND, the Normalized

Difference of mean durations of Activities NDA, and the

Normalized Difference of Instance number NDI.

The Normalized Difference of mean durations of Activ-

ities NDA has been defined by the formula NDA =
|M1 −M2|/(M1 + M2); and the Normalized Difference

of Instance number NDI has been defined by the formula

NDI = |N1−N2|/(N1 + N2).
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Table III shows some difference in the behavior of the

two volunteers. For example, the volunteer 1 was sitting

on chair more often than the volunteer 2 (for sitting on

chair 12 vs. 2, NDI=71%) and the volunteer 2 was sitting

on chair for a longer duration than the volunteer 1 (92:42

vs. 6:07, NDA=87%), showing a greater ability for the

volunteer 1 to move in the apartment. Similarly volunteer

1 was bending twice more than volunteer 2 (for bending

30 vs. 15, NDI=33%) and in a quicker way (0:04 vs. 0:20,

NDA=67%) showing greater dynamism for the volunteer 1.

Also the volunteer 1 was more able to use the stove (i.e.

less trials, for stove use 35 vs. 102, NDI=49%) than the

volunteer 2.

All these measures show the greater ability, during the 4

hours period, of the volunteer 1, comparing to the volunteer

2, to live in the apartment and to use the house equipment.

The obtained results demonstrate that the proposed method

allows detecting and recognizing of a set of activities of a

person by using the data provided by the selected sensors.

VIII. CONCLUSION

In this paper we have proposed an approach to recognize

elderly activities at home based on multisensor data fusion.

The approach combines video events with environmental

events in order to recognize activities of interest and to

optimize the use of sensors depending on the monitoring

scenario. The main contribution of this work relies in the

combination of the environmental and the video informa-

tion at the event level. Another contribution consists in

the adapted description language which allows users (i.e.

medical staff) to describe activities of interest into a formal

models.

More evaluation especially on long periods is required to

assess the robustness of the proposed system. Future works

also include learning event models and modeling their uncer-

tainty. We also plan to improve time synchronization method

in order to increase accuracy in sensor fusion systems.
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Abstract—By 2050, about one third of the French population
will be over 65. Our laboratory’s current research focuses on the
monitoring of elderly people at home, to detect a loss of auton-
omy as early as possible. Our aim is to quantify criteria such as
the international activities of daily living (ADL) or the French
Autonomie Gerontologie Groupes Iso-Ressources (AGGIR) scales,
by automatically classifying the different ADL performed by the
subject during the day. A Health Smart Home is used for this.
Our Health Smart Home includes, in a real flat, infrared pres-
ence sensors (location), door contacts (to control the use of some
facilities), temperature and hygrometry sensor in the bathroom,
and microphones (sound classification and speech recognition). A
wearable kinematic sensor also informs postural transitions (using
pattern recognition) and walk periods (frequency analysis). This
data collected from the various sensors are then used to classify
each temporal frame into one of the ADL that was previously ac-
quired (seven activities: hygiene, toilet use, eating, resting, sleeping,
communication, and dressing/undressing). This is done using sup-
port vector machines. We performed a 1-h experimentation with 13
young and healthy subjects to determine the models of the differ-
ent activities, and then we tested the classification algorithm (cross
validation) with real data.

Index Terms—Activity of daily living (ADL), classification,
health smart home, machine learning, support vector machines
(SVMs).

I. INTRODUCTION

THE AVERAGE age of the population in developed coun-
tries is increasing due to improvements in medicine. The

United Nations predicts 22% of people over 65 years of age in

Manuscript received November 22, 2008; revised July 23, 2009 and
November 2, 2009. First published December 11, 2009; current version pub-
lished March 17, 2010. This work was supported by the French Ministry of
Research and Technology.

A. Fleury was with the AFIRM Team, Techniques de l’Ingénierie Médicale
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the world, by 2050. Nations have to be prepared to face this
demographic modification to allow elderly people to live their
life in the best possible conditions.

Researchers are working on telemedicine and telemonitoring
solutions to allow elderly people to stay at home as long as they
can. Mobility, which is currently a common request of com-
panies, adds distance between family members. Elderly people
often live alone and have to be autonomous. Moreover, with
the increase of life expectancy, diseases such as Alzheimer’s
are more and more prevalent. All this leads to telemonitoring
solutions, able to detect a distress situation (fall for instance),
or a significant change in the habits or behavior of the person,
which could indicate a problem.

Several solutions are studied by laboratories and companies
to monitor people at home. These solutions include different
levels of complexity and technological challenges. At the lowest
complexity level, we find alarm systems. A personal help button
is given to the person to keep close to him at all times (for
instance around the neck); it is linked to a medical alarm system
that is able to call an emergency center in case of problem. If the
person presses the button, a connection is enabled to someone,
who is able to primarily diagnose the importance of the problem
and send help if needed. Such systems are commercialized in
the U.S. by Alert-one or in France by Intervox, for example.

The next level of technology is to monitor changes in the
person’s habits. This has been done with various sensors and
systems. In France, Edelia monitors water consumption and
its possible variation to detect behavior modification. In Japan,
Zojirushi Corporation is interested by the use of the electric
water boiler. Drinking tea is a way to stay healthy for most
people in this country, thus consumption is a relevant variable
to monitor. Some researchers also worked on modification of
rhythms concerning the activity “watching TV” in Japan [1].

These research projects focused on only one “variable” of the
person’s life. To improve the detection of behavioral changes,
several teams have been working on Health Smart Homes
equipped with various sensors [2]. With these sensors data,
it is then mandatory to develop data fusion algorithms that
can detect abnormal situations or evolutions inside the large
set of information. The Massachusetts Institute of Technology
(MIT) (Cambridge, MA) project House_n is one of them. In this
project, a flat was equipped with hundreds of sensors [3], [4].
These sensors are used to help people in activities of daily living
(ADL) to propose them human–machine interfaces to control of
their environment. This will help people to stay physically and
mentally active and keep them healthy. The Georgia Institute

1089-7771/$26.00 © 2009 IEEE
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of Technology works on “The Aware Home Research Initia-
tive” [5], a two-floor home that was designed to consider the
different generations of the family. The ground floor is designed
for the elderly person running an independent life at home. The
first floor is for children with mental disabilities and their parents
that have to educate and care for them even with a full-time job.
This house is equipped with motion and environmental sensors,
video cameras (for fall detection and activity recognition [6],
for short-term memory help [7]), and finally, RF identification
(RFID) tags to find lost objects easily. All this, plus other assis-
tance devices and systems, allow researchers to explore ways to
help people living independently at home when they are old or
handicapped. Both floors are linked with flat screens to allow
intergeneration communication. In France, the researchers of
both AILISA [8] and PROSAFE [9] projects work on monitor-
ing the activities of the person with presence infrared sensors to
raise alarms in case of problem (changes in the level of activi-
ties). In the PROSAFE project, ERGDOM has, for objective, to
monitor the comfort of the person inside the flat (temperature,
light, etc.). The AILISA project was the starting point for our
research. Our experimentations took place in a modified version
of the flat setup.

This paper presents our research and contribution to the auto-
matic recognition of ADL in a Smart Home. Section II presents
the results of related works in detection and classification of
ADL. Our project was divided in three parts. The first was
choosing sensors adapted to the activities we want to monitor
and their implementation in a real flat, at the Grenoble School of
Medicine. This step is described in Section III. The second part
was, using these sensors, choosing the discriminatory features
and implementing the classification based on support vector ma-
chines (SVMs). This second stage of the project is described in
Section IV. The last part of the project was to test the whole
system in real conditions on 13 individuals, to evaluate the ac-
curacy of the classification process. This last step is described
in Section V. Finally, in Section VI, the results are discussed
and compared to the previously quoted related research.

II. RELATED RESEARCH

As far as activity classification is concerned, few articles have
been published on the subject and few experiments made in real
conditions. This thematic was explored by [10] using RFID
tags on a large number of home objects (108) to identify the
activity that was performed by detecting contacts with objects
using a glove-equipped RFID receiver. Fourteen activities (hy-
giene, washing, housework, preparing a snack, etc.) were cho-
sen because of their interaction with various objects. Fourteen
individuals were monitored for 45 min and the global results
were 88% of detection accuracy for the various activities. The
classification was performed using dynamic Bayesian networks
trained for each activity, considering the time necessary for a
given activity (a Gaussian curve) and also what objects were
necessary to perform it.

Similar research is presented in [11] using homemade ON–OFF

sensors. These sensors are simple switches that detect the use
of a particular object at home. These switches can transmit their

data and also their identifier (which corresponds to a location
and an object). From this data, for each activity recorded, we
build a vector of features, which takes into account the use of
a sensor or not, the way it is used, and if another sensor has
been used before. The sensors are used on various doors, on
specific objects such as cabinets, and also on electrical devices
(microwave oven, TV, etc.). The authors tried to learn models
for 35 activities using Naive Bayes network with the described
features. The results are presented for activities with a minimum
number of occurrences (at least six) and for two individuals. The
maximum number of activities was eight. The results presented
ranged from 7% to 30% of adequate classification, depending on
the activity. Better results are presented for the activity detected
in the “best interval” (with a confidence interval of time before
and after activity).

More recently, objects and food were tagged to create a model
that distinguishes between preparing a drink (cold or hot) and
hygiene activities [12]. The theory used to classify this data was
evidential fusion (Dempster–Shafer theory). The results pre-
sented are the belief and mass functions, and their values that
show the possibility to distinguish between activities with these
sensors. Validations will be made later on real data. Nugent
et al. [13] also tested the impact of the sensor failure on recog-
nition using the evidential theory. They measured that up to
three sensor failures were possible with their samples.

The CARE project [14] team also tried to differentiate be-
tween two activities using a lot of other sensors (switch, envi-
ronmental, etc.). Due to hidden Markov models, activities could
be differentiated, such as “going to the toilets” and “exit from
the flat.” The results are promising for these two activities; they
are presented for two elderly people (contrary to other studies
made on young individuals).

Electrical signatures are also another path being tested [15],
[16] to detect different various ADL living. Indeed, by using
pattern recognition on the electrical network, it is possible to
infer what material is being used, and when it is turned on
and off. In the first study, the sensor used detected a variation
of the electromagnetic field emitted by the transformer of the
various home electrical devices. The possibility to measure the
use of these devices with this method was demonstrated. The
second study implemented a different method to detect the use
of devices by classifying events on the general power line of the
flat to detect the turning on and off of devices. The flats of 18
aged people were monitored, and the results were presented for
the detection of periods of activities and the detection of meal
taking.

In this study, our goal was similar to previous studies: to
recognize some ADL automatically, but we tried to use less
sensors, to make scaling easier, and have learning algorithms
adapted to all issues. No object was instrumented contrary to
the study which equipped jars, food, etc. This made it simpler
to implement in a lot of flats. Indeed, equipping only the flat
and not the devices inside (except for the fridge and cupboard
that are commonly present in every house) is simpler and the
algorithm is more generic. Nevertheless, we introduced a sensor
relatively less used, except in home automation, i.e., sound.
This new modality is very informative and can also be used
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Fig. 1. Map and location of the sensors inside the Health Smart Home of the TIMC-IMAG Laboratory in the Faculty of Medicine of Grenoble. For the wearable
sensor, the point shows the location of the circuit board and the orientation of the axes on the board and on the person.

to detect distress situations when applied to elderly people, by
automatically recognizing distress keywords [17]. A total of
seven activities were recognized. These activities covered a large
part of the 35 activities included in [11] because they were more
general (we acquired the activity “eating” and not “preparing
a breakfast,” “preparing a diner,” etc., for instance). We only
considered activities occurring solely at home. These activities
covered the ADL scale part concerning life at home.

III. HEALTH SMART HOME FOR ADL RECOGNITION

ADL, as defined by the medical community, are “the things
we normally do in daily living, including any daily activity we
perform for self-care (such as feeding ourselves, bathing, dress-
ing, grooming), work, homemaking, and leisure.” To work on
the classification of these activities, the home has to be equipped
with several sensors. In this section, we will introduce the flat
and its equipment, and also the notion of ADL and our selected
activities with an objective in the future ADLs scale.

A. Grenoble Health Smart Home

1) Presentation of the Flat: In 1999, researchers of the
Techniques de l’Ingénierie Médicale et de la Complexité–
Informatique, Mathématiques et Applications de Grenoble
(TIMC-IMAG) Laboratory of Grenoble installed, inside the
Grenoble Medical School, a real 47 m2 flat, with all the rooms
and the comfort required. This flat included a bedroom, a living
room, a hall, a kitchen (with cupboards, fridge, etc.), a bathroom
with a shower, and a cabinet.

During the AILISA project, it was equipped only with infrared
presence sensors. It was since equipped with several sensors to
monitor people at home.

1) Infrared presence sensors, for the location of the person
inside the flat. These sensors detect all movements in their
area they cover and send a signal each time a movement is

detected. They were previously used and validated in [8]
and [18] for hospital suites and in-home use, respectively.
They were placed to monitor important location in the flat
such as the bed, the kitchen table, etc.

2) Door contacts for the detection of the fridge use, the cup-
board, and chest of drawers.

3) Microphones, to process every sound inside the flat and
classify them into sounds of daily living (within eight dif-
ferent classes) or speech (two classes). The development
of this system and various algorithms is explained in [17]
and its validation is presented in [19].

4) A wearable kinematic sensor, equipped with a triaxis ac-
celerometer and a triaxis magnetometer. The algorithm of
this homemade sensor was developed to detect and clas-
sify postural transitions using adapted wavelets and also
to detect walking episodes using frequency parameters.
This system is presented with its validation in [20].

5) Wide-angle web cams used only to timestamp the various
ADL for supervised machine-learning algorithms.

All the sensors, their location, and the organization of the
flat are presented in Fig. 1. There are a small number of sensors
inside the flat to reduce costs by using only the most informative
sensors for the classification of the selected ADL.

2) The Technical Room: The four computers and electronic
devices (wireless receiver, controller area network (CAN) bus,
etc.) of the Habitat Intelligent pour la Santé (HIS) are located
in the technical room of the Health Smart Home. The four
computers receive and store information from the HIS in real
time.

1) The first is devoted to sound and speech analysis. It
contains the National Instrument acquisition board and
analyses signals from the seven microphones in the
flat.

2) The second is dedicated to the capture of three web cams
and also receives data from the flat’s CAN bus.
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3) The third receives data from the two other web cams and
from the systems that collect temperature and hygrometry
parameters in the bathroom.

4) The fourth collects data from kitchen and bedroom door
contacts.

Connections are made via serial or universal serial bus (USB)
port, except for microphones that require a National Instrument
acquisition board for analog-to-digital signal conversion (a ver-
sion of the software that uses only the computer’s sound card is
also available).

B. Activities of Daily Living

Katz and Akporn defined a scale for ADL [21]. This scale is
used by geriatrics to evaluate the dependence level of elderly
people. There are numerous variations of this scale (defining the
final score differently, but always considering the same activi-
ties). One of them defines the following activities:

1) bathing (sponge bath, tub bath, or shower), receives either
no assistance or assistance in bathing only one part of the
body;

2) dressing, finds clothes and dresses without any assistance
except for tying shoes;

3) toilet use, goes to the toilet, uses toilet, dresses, and returns
without any assistance (may use cane or walker for support
and may use bedpan/urinal at night);

4) transferring moves in and out of bed and chair without
assistance (may use cane or walker);

5) continence, full control of bowel and bladder;
6) feeding, feeds without assistance (except for help with

cutting meat or buttering bread).
Depending on the answer yes or no to each of these questions,

geriatricians compute the ADL score of the elderly person. This
scale is internationally recognized as one of the references.

Other scales were also defined. Lawton and Brody [22] de-
fined the instrumental ADL. These activities are those that re-
quire interaction with objects and people, such as using the
phone, shopping, ability to handle finance or personal medica-
tion, etc. It gives another score on the dependency of elderly
people.

In France, geriatricians use the AGGIR grid, defining ten dis-
criminatory variables: coherence, orientation, toilet use, dress-
ing, feeding, bowel movement, transfers (sitting, standing, and
lying), moving inside the flat, moving outside the flat, and com-
munication (on the phone, for example). This scale, close to the
ADL scale is used to determine whether elderly people will need
to be institutionalized, or have access to financial and material
assistance to face dependency. It defines six levels according to
the ability to perform the ten activities alone, partly indepen-
dently, or with mandatory help.

The goal of this research project was to automatically classify
sensor data to recognize a temporal frame as part of one of the
ADL. The temporal frame width for our study was chosen as
equal to 3 min. This duration was the minimum length for a given
set of activities. We defined seven different activities, from the
previous ADL and AGGIR scales, which we tried to learn and
recognize, which are as follows.

1) Sleeping: A bed was available in the bedroom for the
individual to sleep as long as necessary.

2) Preparing and having a breakfast: The fully equipped
kitchen also contained material and foods necessary for
breakfast. Everything was available for the individual to
choose and prepare in his own way; he would then clean
up the kitchen and do the dishes.

3) Dressing and undressing: Clothes were available for this
activity.

4) Resting: This activity was the broadest one. The individual
could do whatever he wants and enjoys doing during his
leisure time at home. He could read a book or a magazine,
listen to the radio, or watch the TV, etc.

5) Hygiene activities: During this activity, the individual was
inside the bathroom and performed normal hygiene activ-
ities. It was difficult to ask the individuals to take a shower
for a first experiment, thus, we only asked them to wash
their hands and teeth. To respect privacy, neither the bath-
room nor the toilets were recorded on video. We asked
the individuals to close the door completely or partially
when in the toilets or in the bathroom, respectively, so as
to differentiate the activities.

6) Bowel movement: For this activity, the subject was in the
toilets.

7) Communication: This last activity consisted of answering
a phone call and having conversations. In our protocol, the
subject was called five times on the phone and has to an-
swer with given previously created, phone conversations,
which were randomly selected.

IV. SVMS FOR THE CLASSIFICATION OF THE ADL

A. Introduction to SVMs

Numerous methods are available to classify real data. In our
case, the Bayesian classification or neural networks methods
were not adapted because of the less number of available sam-
ples. This is why we decided to test the SVM method that
seemed to be better adapted to our problem and that could be
used for training with small sets of data.

Considering two classes of points, labeled −1 and 1 and
that we have a set of N vectors xi ∈ X ⊂ R

d , i ∈ [1;N ] (d is
the dimension of our input space) with their associated class
yi ∈ {−1; 1}, supervised learning is the problem of inferring a
function f so that

f : X ⊂ R
d → {−1; 1}

from a set of observations, which will correctly classify the
maximum number of vectors xi and more important, which will
correctly describe the phenomenon responsible for the separa-
tion between the two classes, so that a new and unknown point
will be classified into the right class (capacity of generalization
of the classifier).

This problem can be solved with multiple existing algorithms.
A simple method, based on the perceptron [23], builds a linear
separation starting with a random initialization followed by the
test of the different points in the training database, to adjust the
separation, until it correctly classifies a maximum number of
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points from that database. Vapnik et al. designed another algo-
rithm, based on linear separation, but which tries to maximize
the margin between the separation and the nearest points of the
training database in each class [24]. This margin will give the
maximum of “safety” for the generalization of the algorithm
and its application to new points. SVM have been widely used
to solve classification problems since their invention (speaker
identification [25], face recognition [26], gene extraction [27],
etc.). This method was shown to perform as well as other algo-
rithms and often better [28].

SVMs are equivalent to the construction of a hyperplane of
equation wT x + w0 = 0 (where w and w0 are the equation
parameters of the hyperplane to compute). From this hyperplane,
we build the function f given by{

wT xi + w0 > 0 ⇒ f = 1

wT xi + w0 < 0 ⇒ f = −1
(1)

where f represents the output of the algorithm for a new point xi ,
output that allows to classify xi as belonging to one of the two
classes. To build the hyperplane, we have to solve the following
equation that maximizes the distance between the closest points
of each classes and the separation:

arg max
w,w 0

min
i=1...N

{‖x − xi‖ : x ∈ R
d ,wT x + w0 = 0}.

This is done by solving the linear problem

Min
1
2
‖w‖2 (2)

s.t. f(wT xi + w0) ≥ 1, i = 1..N. (3)

The solution of this problem is the saddle point of the
Lagrangian

Lp =
1
2
‖w‖2 −

N∑
k=1

αk (f(wT xi + w0) − 1). (4)

In this equation, the coefficients αk are the Lagrange multi-
pliers. Considering (4), (1) can be written as follows:



∑
αk >0

f(αk 〈x,xk〉 + w0) > 0 ⇒ f = 1

∑
αk >0

f(αk 〈x,xk〉 + w0) < 0 ⇒ f = −1.

(5)

xk are the support vectors, the one chosen in each class
to define the separation and 〈., .〉 is the inner product for two
vectors. This last equation allows classifying a new vector x
unknown in the training database.

This case describes only the classification for a binary prob-
lem that can be linearly separated. The next sections will explain
how to deal with nonlinear separation and multiclass separation,
as in our problem that includes seven classes.

B. Kernel Trick

The previous section describes the case in which the two
classes can be linearly separated. This case is rare. If the SVM
were not able to solve other problems, their interest and use

would be limited. Moreover, we can notice that (5) presents
the resolution of the problem and the classification of a new
point and 1), the way to find the support vector. For these two
equations and also in all the description of SVM, the x vector
always appears in an inner product.

In 1964, Aizerman et al. described a family of functions
that acts as an inner product [29]. Such functions K give the
equivalence: K(xi,xj) = 〈xi,xj〉. K functions will map the in-
put space into a high-dimensional space (even infinite), named
feature space. In this space, the nonseparable case will be trans-
formed in a separable case. This function is chosen as a a priori.
The problem of determining the best kernel for a given applica-
tion is always an open issue. The resolution of the problem is
then obtained by replacing the dot products in (4) and (5) by the
kernel function K(·, ·).

The construction of such functions is described by the
Mercer conditions [30]. This theorem describes these functions
as symmetric continuous and positive semidefinite. Taking this
condition into account, a kernel function adapted to a problem
can be built. There are also generic kernels. We used two of
them to compare the results in our case.

1) Polynomial kernel: K(xi,xj) = (xi
T xj + 1)p .

2) Gaussian kernel (also called radial basis function):
K(xi,xj) = exp(−‖xi − xj‖2/2σ2).

C. Multiclass SVM

The two previous sections describe the methods for clas-
sifying data with SVM in separable and nonseparable cases,
both in the case of binary problems. Our problem contained
seven classes. The extension of the SVM to multiclass prob-
lem was done by using two different families of solutions. The
first one was to consider the N -class problem as a set of two-
class problems. The simplest manner to address this problem,
called “one-versus-all,” was to train N binary classifiers that
learned to distinguish one class from all the others [31]. The
decision for a new point was taken using majority vote. This
method presented two drawbacks. The first one is that there
was a zone of the space for which the class could not be deter-
mined. The area of this zone depend on the number of classes
and it decreased when N rose. SVM could be distorted with
unbalanced training sets. The other drawback was that with this
method, each classifier was trained with the whole dataset. If
this training set was unbalanced, the N classifiers could also
be distorted. The second possible scheme, named ‘one-versus-
one” and first introduced in [32], was to build classifiers, using
all the pairwise combinations of the N classes. In this case,
we would build binary classifiers to differentiate classes Ci and
Cj , 0 < i ≤ N and 0 < j < i. With this method, as illustrated
by Fig. 2, there was always a part of the space that remained
undetermined, but it was maximally reduced. Moreover, in case
of an unbalanced training set, fewer classifiers were distorted.
Finally, the constructions of the set of classifiers were not more
complicated and time consuming than for “one-versus-all.” In-
deed, even if more classifiers were built, the resolution of one
of the linear problems was much smaller (and faster) in the
second case because each classifier considered only a subset
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Fig. 2 “One-versus-one” classification of three linearly separable classes with
SVMs.

of the training dataset. A majority vote was made to determine
the class of a new point (the isolated point on the figure for
instance). Mathematically speaking, the decision was given by:
C = maxk=1...N Card({yi,j} ∩ {k}), where yi,j was the deci-
sion given, for this new point, by the SVM trained to distinguish
classes i and j. In case of equality, the chosen class was the one
with the maximal margin from the final subset.

Both previous methods use a set of binary classifiers for a
final decision in a multiclass problem. The various equations
presented in the Section IV-A were used. The other method,
introduced in [33], consisted of resolving a single optimization
problem, thus creating a real multiclass separation as a multivari-
ate linear regression model (a set of hyperplanes of cardinality
equal to the number of classes). This drawback of this method
was that the determination of separations, by resolution of the
linear problem, was complicated and time consuming, as com-
pared to other methods. A comparison of the three methods is
given in [34] and demonstrates, in their applications, similar re-
sults between multiclass implementation and “one-versus-one”
methods.

Given these facts, we selected the “one-versus-one” method
for our application. In this method, we selected the various
classes in the database and we trained binary classifiers to dis-
tinguish them (pairwise combinations selection). We first im-
plemented the SVM algorithm under MATLAB, then we tested
it and compared the results with those of another existing im-
plementation [35].

D. Features Extraction

The classification of the activities could not be performed on
the raw data that was too different from one person to another
and for a given individual from the execution of an activity
to another execution. Indeed, when an activity was performed,
depending on the stage of the activity, the values of the different
sensors could be different. We had to find parameters that varied
only for two different activities, but neither for two executions
of the same activity nor for the execution of an activity by two
different people.

To determine these features, we performed a preliminary
small experimentation, we computed a large number of parame-
ters, and then, we extracted the most significant for the different
activities using principal component analysis (PCA). The results

TABLE I
SUMMARY OF THE VARIOUS MODALITIES WITH SELECTED FEATURE AND THE

ACTIVITY FOR WHICH IT IS INFORMATIVE

of this a priori feature selection on a small number of activity
performance are given in the Table I.

E. Data Classification

We described the selection of features for each sensor. Table I
summarizes the different sensors and their selected features, and
also enumerates the information given by the different sensors
for each activity. The final vector, created for the classification
of ADL currently occurring, was the concatenation of all these
previous features. We had a set of 42 parameters (αij

with
i = 1 . . . 5 are the different modalities and j is an index for
the features inside each modality) used to create one vector
X = [α11 , α12 , α13 , . . . , α51 , α52 ]

′. This new vector was used
in the SVMs algorithm previously described.

F. Data Normalization

The selected features were heterogeneous. This could lead to
problems when creating the classifiers, if one of the dimensions
varied more than another. The first step before training and
validation was to normalize the set of data. To do this, we
determined the mean and standard deviation of the dataset in this
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dimension for each dimension of the feature vectors. With this
set of means and standard deviations, we created a new training
dataset that was zero-mean and had a unit standard deviation in
every dimension. This was done to remove distortion dues to
the data heterogeneity. New and tested vectors were normalized
using the set of coefficients determined with the current training
dataset.

G. Indexation and Training

Our goal was to investigate a supervised algorithm for the
classification of the ADL. To achieve this, we had to build a
training database. We made a first experimentation involving 13
individuals used for learning and testing using a leave-one-out
cross-validation method. Five video cameras gave us an (almost)
complete view of the flat. These were used to index the activities
performed by the individuals. For each individual, we created an
XML file that contained all the information on the experimental
session, which are as follows:

1) the identifier of the individual;
2) the information on the different sensors, the location of

each file containing the raw data (one file per sensor);
3) the information used to synchronize the kinematic sensors

with the others (unlike all the other sensors acquired si-
multaneously on the different computers synchronized by
network time protocol, the wearable sensor is the only one
that is synchronized later, so a synchronization movement
is needed at the beginning of the experimentation).

With all this information created from the experimental ses-
sion, we were able to build the training database and test it with
the “leave-one-out” algorithm.

H. Validation

This first experimentation allowed the conception of a training
database for the different ADL. From this dataset, we wanted
validation results as accurate as possible. However, the num-
ber of frames in the database was very low. For this reason,
the most adapted validation protocol was “leave-one-out”. In-
deed, this protocol allowed to perform the same number of
tests than the number of items in the database. It consisted
in keeping a vector from the database of K elements, learn-
ing from the K − 1 vectors, and testing on the Kth vector. K
tests were performed in this protocol, removing a different vec-
tor every time. K was the maximum possible number of tests
for a cross validation and was also better adapted to our small
dataset.

Another possibility would have been to learn from 12 individ-
uals and test on one individual. However, the first drawback was
that when one of the individuals was removed, a large percent-
age of frames were also removed (almost 8%). On very small
database, this distorted the different classifiers. Moreover, the
distortions were different in each case because the number of
frames removed in each loop was greatly different.

The “leave-one-out” protocol was implemented under
MATLAB.

TABLE II
DISTRIBUTION OF ELEMENTS IN THE TRAINING DATABASE (NUMBER OF

FRAMES AND PERCENTAGES) AND RESULTS FOR THE POLYNOMIAL AND

GAUSSIAN KERNELS

V. EXPERIMENTATION AND RESULTS

A. Experimental Protocol, Population, and Collected Data

We described the implementation of a solution to monitor the
ADL of a person living alone at home. We determined a set
of seven activities that we wanted to classify automatically. We
had to build an experimental protocol to produce a first training
database to build the classifier and to learn the models for each
activity.

This experimental protocol was quite simple. The individual
was equipped with an wearable sensor and asked to enter the
flat and behave as if he were in his own home. Before this,
the experimenter had organized a detailed visit of the flat to
make sure that the individual would not search for things and
would feel at home. Then, the individual was asked to perform
each of the previously defined ADL at least one time. He had
neither order nor time constraint to perform these activities. He
was asked to perform them as he would normally do. All the
required conditions were present to complete the seven activities
correctly.

As previously described, the individual closed the door com-
pletely if he was in the toilet and partially if he was in the
bathroom to differentiate between hygiene and toilet use.

This experimentation was performed by 13 healthy and
young subjects (six women and seven men). The average age
was 30.4 ± 5.9 years (24–43, min–max), height 1.76 ± 0.08 m
(1.62–1.92, min–max), and weight 69 ± 7.42 kg (57–80, min–
max). The mean execution time of the experiment was 51 min
40 s (23 min 11 s–1 h 35 min 44 s, min–max). Table II gives the
details of the training database.

Table II shows that the training database was not well-
balanced. Indeed, it resulted from the experimental protocol,
since the subject had no time constraint to perform the activities.
The sleeping activity was longer to perform, whereas hygiene
and toilet activities were very short (one frame). The number
of frames for the sleeping activity was more than three times
higher than the number of frames for hygiene. Since the individ-
uals had no orders on the time to spend for each activity, some
of them lied down and stayed in this position only few minutes
before performing another activity. Moreover, due to the really
low number of frames, if an individual spent more than 2 min,
but less than 3 min for an activity, the window was considered
as a full-time three-minutes frame.
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TABLE III
CONFUSION MATRIX IN THE CASE OF A GAUSSIAN KERNEL WITH THE OPTIMIZED VALUE OF σ

B. Classification Results

We tested the classification of the activities using a polyno-
mial kernel (with degree 1 and 2) and with a Gaussian kernel.
As previously mentioned, the validation was performed using
the “leave-one-out” method. For the Gaussian kernel, the best
value for the parameter of the kernel was chosen by minimizing
the global error rate. The results for both kernels are compared
in Table II. The complete results for the Gaussian kernel with
the optimal value are given in Table III.

This last table shows relatively similar results for both kernels.
We can see that the classes are divided into two groups. The first
one includes dress/undress and hygiene. These two classes had
less good results than the others. This was due to the fact that
they were less represented in the training database. Due to this,
when the support vectors were removed from the database to
be tested, the construction of the model was corrupted and this
mistake would then have more importance than in the case of
better-represented classes. We obtained 75.9% of well-classified
temporal frames for the polynomial kernel and 86.2% for the
Gaussian one.

The confusion matrix confirmed this. For example, the errors
for dress/undress were dispatched in the classes sleep and rest,
the most represented in the database and so the best described.
The smallest classes were not correctly described in the training
database. When an important support vector (that participated
in the correct description of the class) was removed, the small
number of items remaining in the training database for the class
was not sufficient for a good description and this lead to a
distortion in the classifier.

This matrix also showed us that the classes hygiene and toilets
were close and the probability to misclassify them was higher
than for other activities. This could be explained by the fact that
the toilet activity normally included a hygiene activity (washing
hands). They both included detections in the bathroom in the
standing position. We could also notice that the errors in resting
activity were mostly present in the sleeping class (that could be
identical for the actimeter, the sounds, and that if the person did
not move, there was no detection in either case, only the pres-
ence in the bedroom or in the living room was indicated). But,
we could also notice that there were some misclassified frames
in all the other activities, except for communication. This could
be explained by the fact that this class was larger than the other
ones. It was then logical that misclassifications would be equally
shared in all the other classes. The sleep activity, when misclas-

sified, was recognized as rest. This could be explained by the
fact that the changes of posture could be missed. In that case,
the other sensors could induce an error (location, no detection
of sounds, etc.). Eating activity was well recognized in more
that 97% of the time. Finally, for the communication activity,
misclassification were found in dressing (i.e., in the same loca-
tion than communication), eating (explained by the validation
of the sound modality [19], during which we found that the
misclassifications, for the sound modality, were mostly in the
speech class, close to the dish sound class), and resting, also
in the same location than communication. If the phone ringing
or speech was missed by the sound and speech classification
system, this led to a misclassification due to the location.

Finally, the global percentage of well-classified frames was
86%, and the better classified classes were those that were the
more represented in the training database, with the higher num-
ber of items.

VI. DISCUSSION AND CONCLUSION

This study presents the classification of the ADL in a Health
Smart Home based on SVMs. We installed, in a real and us-
able flat, sensors that were useful for our application. We used
location (presence infrared) sensors, microphones for sound
and speech recognition, an wearable sensor constituted of ac-
celerometers and magnetometers, which indicated walking pe-
riods and postural transfers, door contact on appliances (fridge,
cupboard, and dresser), and finally, temperature and hygrometry
sensors. After a presentation of the various sensors and their in-
stallation into the flat, we presented the selection of features for
each sensor. These features were chosen because they were rep-
resentative of an activity and allowed a correct differentiation of
two different activities. These features were then put together to
create a feature vector significantly representative of an activity.
The “one-versus-one” algorithm determined the model for the
seven ADL monitored. An experiment on 13 young individu-
als was performed to build the training database and then the
“leave-one-out” cross-validation method allowed to test these
hypotheses.

This cross-validation test gave interesting preliminary results
with a good classification rate of 75% for a polynomial kernel
and 86% for a Gaussian kernel with an adapted parameter. The
classification rates were different for each class and higher for
the most represented classes in the database. This was expected
because the most representative classes in the database were
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the best described in the model and the most robust when re-
moving an element for testing purpose. The results were close
to the best published ones, with 88% of correct classification
in [10], but with many less sensors (without tagging every ob-
ject). Our method was closer to [14], but with more activities
(seven instead of two).

In this study, we proposed a model for the monitoring of el-
derly people living independently at home. However, this first
experimentation was made on young individuals. Future studies
will be made on elderly people and, on longer terms, to obtain
a larger database that should allow cross validation with mul-
tiple folds and stratification. We think that, due to the selected
variables, the model should not change from one population to
another. But only the future experimentations will confirm or
invalidate this hypothesis. These experimentations will also be
more informative on the importance of each sensor in the classi-
fication. Moreover, in the generalization of the method, the data
to be classified will not be timestamped and well-separated, as
in this validation. It is mandatory to create an additional class,
which will represent the transition between two activities. In-
deed, when the algorithm classifies a temporal frame, it will be
possible for this frame to contain 1 min 30 s of cooking activity
and 1 min 30 s of resting activity. This kind of frame should be
classified in this new class.

Moreover, the experiments were only performed in the exper-
imental Health Smart Home of Grenoble. We could question the
“instruction effect” (the fact that our way to present the experi-
mentation had an influence on the way the individual performed
it). We tried to avoid this by presenting differently the activi-
ties and the order of execution. Still, an unanswered question
is what is the influence of the location of the experiment on
the construction of models? The future measurement surveys
on elderly people should be performed at their home. We will
have to set up more flats like the one used in our study and
organize better-structured measurement protocols to deal with a
greater number of flats, to confirm our initial results, and eval-
uate the generalization capacity of the algorithm to other/larger
populations.

In this paper, we aimed at demonstrating that constructing
models of activities, independents of the person and without a
priori knowledge (so that we do not have to take into account any
seasonality problem, for example) was possible. These models
will have to face changes of population in future experimenta-
tions, to determine the influence of the target population on the
selected features.

A review is presented in [36] on the different techniques to
incorporate a priori knowledge in the SVM. This knowledge
can allow to represent an invariance (rotation, scaling, . . .) on
the data that is not enough described by the training samples.
This can also be used to assign different weights to some of
the dimensions or classes to give more or less importance to
some results. Another way to improve the classification results,
when necessary, could be to specialize our models with such
methods. This would result in a reduction of the generalization
capacity of the algorithm in our case. Indeed, for example, we
could associate a moment of the day (morning, afternoon. . .)
or a room (kitchen, . . .) to a subset of activities. We could, for

instance, consider that the three lunches of the day are taken
in the kitchen and in the three different time slots 6 AM–9 AM,
11 AM–2 PM, and 7 PM–9 PM. However, doing so, we would
consider a “normal” behavior that needs to be defined. This
behavior will be obviously restricted to a targeted part of the
population. Moreover, one of the aim of this paper is to tend
to the detection of behavior modification to early anticipate the
apparition of specific long diseases. Adding generic models to
the learnt behavior of the subject could damage this detection
by reducing the specific part (the one concerning the subject or
population) in the global model.

A future interrogation lies in determining if the improvements
brought by the insertion of these a priori knowledge (in term
of sensitivity and specificity) compensate for the lower gener-
alization capacity of the algorithm that is created. The answer
will come with considering the results on larger and different
populations and, moreover, by analyzing the real benefit from
the medical point of view. It will be then mandatory to deter-
mine the acceptable error rate versus the amount of predefined
conditions on the population.
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Abstract

Since the population of the elderly grows highly, the im-
provement of the quality of life of elderly at home is of a
great importance. This can be achieved through the de-
velopment of technologies for monitoring their activities at
home. In this context, we propose an activity monitoring
system which aims to achieve behavior analysis of elderly
people. The proposed system consists of an approach com-
bining heterogeneous sensor data to recognize activities at
home. This approach combines data provided by video cam-
eras with data provided by environmental sensors attached
to house furnishings. In this paper, we validate the pro-
posed activity monitoring system for the recognition of a set
of daily activities (e.g. using kitchen equipment, preparing
meal) for 9 real elderly volunteers living in an experimen-
tal apartment. We compare the behavioral profile between
the 9 elderly volunteers. This study shows that the proposed
system is thoroughly accepted by the elderly and it is also
well appreciated by the medical staff.

1. Introduction
Demographic changes associated with the aging popu-

lation and the increasing numbers of elderly people living
alone are leading to a significant change in the social and
economic structure of our society. Elderly population is ex-
pected to grow highly over the next 20 years. By 2030, third
of Europeans will be over than 65 and 40% of them will re-
quire assistance. Without receiving sufficient care, elderly
are at risk of loosing their independence.
Activities of daily living (ADLs), such as cooking, bathing
and toileting, are good indicators of the cognitive and phys-
ical capabilities of elderly [6]. Therefore, a system that
automatically recognizes these activities allows automatic
health monitoring [2], and provides an objective measure
for medical staff. An activity monitoring system is there-
fore a crucial step in the future health applications. Ad-
vances in technology have provided the ability to equip the
home environment with a large number of different sensors.

In this context, we propose an activity monitoring system
to recognize activities observed by video cameras and en-
vironmental sensors attached to house furnishings. In this
paper, we validate the proposed activity monitoring system
for the recognition of a set of daily activities (e.g. using
kitchen equipment, preparing meal) for 9 real elderly vol-
unteers living in an experimental apartment.
Considerable research has been devoted towards activity
monitoring through the deployment of sensing technology
to detect interactions with objects, from visual sensors like
video cameras [7] to sensors which provide binary ”on” or
”off” outputs such as contact sensors that are used to de-
tect for example a door being opened or closed [11]. One
approach is to tag a large number of objects in a home with
RFID tags. An RFID reader in the form of a bracelet is worn
by the user to detect which objects are used [5]. Another
approach is to use video. Duong et al. [4] use four video
cameras to capture a scene from different angles. From the
videos they extract the location of a user and use it for activ-
ity recognition. Wu et al. [13] use a single camera combined
with an RFID bracelet. Ogawa, et al. [9] have used motion
sensors to detect movement, use of appliances, and pres-
ence in a room. They used this information to analyze be-
havior patterns of two elderly ladies living alone. Nambu, et
al. [8] found that analyzing TV watching patterns was effec-
tive at identifying and analyzing behavior patterns, without
the need for additional customized sensors. These systems
have two limitations. They are either intrusive (wearing a
glove or bracelet) or too specific (specialized for a particu-
lar activity (e.g. TV watching) or based on unique cue).
The next section gives an overview of our activity moni-
toring system. Section 3 presents our experiments and the
obtained results of the recognition of a set of daily activi-
ties and results of elderly profile. Finally, in section 4 we
present our conclusion and the future work.

2. Activity Monitoring System
Our activity monitoring system is based on multisensor

analysis and a human activity recognition. This system in-
cludes detecting people, tracking people as they move, and
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recognizing their postures and activities of interest. It ex-
ploits three major sources of knowledge: the models of ac-
tivities (see section 2.2), a 3D model of an observed scene
(see section 2.3), and a 3D model of the mobile objects
present in the observed scene (e.g. a 3D model of a per-
son). The proposed system takes as input the data provided
by the different sensors (i.e. video cameras and environ-
mental sensors) and produces as output a set of recognized
activities which are saved in XML files for evaluation pur-
pose.

2.1. Multisensor Analysis

Multisensor analysis consists in collecting multisensor
data of the observed person and process them. Sensors we
used are: video cameras to detect and track an observed per-
son, contact sensors to measure open-close status of doors,
cupboards, drawers and fridge; pressure sensors to measure
sitting in a chair, armchair or lying in bed; presence sen-
sors to detect presence of people near sink, cooking stove
and washbowl; electrical sensors to measure the use of the
stove or other appliances; water flow sensors to measure
water consumption in the kitchen and bathroom. In the
proposed system, we use a fusion process at the decision
level to address the problem of heterogeneous sensors. For
this, we combine the video events with the environmental
events in order to detect rich and complex events (i.e. mul-
timodal events). The multimodal events (i.e. daily activi-
ties) can include video events and / or environmental events.
Therefore, when the video and the environmental events are
recognized, then the global multimodal event is also recog-
nized.
In the next sections, we describe briefly video analysis, en-
vironmental sensor analysis, activity modeling and activ-
ity recognition, which are the main components of the pro-
posed activity monitoring system. For more details see [14].

2.1.1 Video Analysis

Video analysis aims at detecting and tracking people mov-
ing in the scene (see figure 1). To achieve this task, we
have used a set of vision algorithms coming from a video
interpretation platform described in [1]. To detect postures
of interest, we have used a human posture recognition al-
gorithm [3] in order to recognize in real time a set of hu-
man postures once the person moving in the scene is cor-
rectly detected. This algorithm determines the posture of
the detected person using the detected silhouette and its
3D position. The human posture recognition algorithm is
based on the combination between a set of 3D human mod-
els with a 2D approach. These 3D models are projected
in a virtual scene observed by a virtual camera which has
the same characteristics (position, orientation and field of
view) than the real camera. The 3D silhouettes are then ex-

tracted and compared to the detected silhouette using a 2D
technique which projects the silhouette pixels on the hor-
izontal and vertical axes. The most similar extracted 3D
silhouette is considered to correspond to the current posture
of the observed person. The algorithm is real time (about
eight frames per second), and does not depend on camera
position. The input of the video analysis part is a set of
video stream. Its output is a set of XML files which con-
tain parameters of the detected person. The most important
parameters which we have used in this work are the 3D po-
sition of the person and his/her 3D posture.
For homecare applications, in collaboration with gerontol-
ogists from Nice hospital in France, we have proposed ten
3D key human postures which are useful to recognize ac-
tivities of interest at home. These 3D human postures are
based on a 3D geometrical human model. These 3D pos-
tures are: standing, standing with arm up, standing with
hands up, bending, sitting in a chair, sitting on the floor
with outstretched legs, sitting on the floor with flexed legs,
slumping, lying on the side with flexed legs, and lying on
the back with outstretched legs. Each of the proposed 3D
human postures plays a significant role in the recognition of
the targeted activities of daily living or of abnormal activi-
ties (e.g. falling down). For example, the posture ”standing
with hands up” is used to detect when a person is carry-
ing an object such as plates. The posture ”standing with
arm up” is used to detect when a person reaches and opens
kitchen cupboard and his/her ability to do it. These pro-
posed human postures are not an exhaustive list but repre-
sent the key human postures taking part in everyday activi-
ties.

Figure 1. The video analysis architecture. Input: video stream,
output: 3D position, 3D posture
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2.1.2 Environmental Sensor Analysis

The environmental sensors provide data when an event oc-
curs. For instance the contact sensor determines an opening
and closing events for various devices (i.e. kitchen cup-
boards, kitchen drawers, kitchen fridge, bedroom closets).
We have defined the following form for the provided data:
- TimeStamp: represents the moment when the data was
provided (YYMMDD-HHMMSS.MS);
- SensorClass: represents the class of information provided
by the sensor (i.e. contact, presence, electrical, pressure and
water);
- SensorLocation: represents the location of the sensor (e.g.
upper cupboard);
- SensorValue: the value provided by the sensor (i.e. ”On”
if the sensor is activated and ”Off” if the sensor is deacti-
vated);
- SensorID: single sensor identifier which is transmitting the
data.
The provided data are stored in an XML file and transmit-
ted via a parser to the event detection process. From these
data, we infer the corresponding environmental event. For
example, if the provided data is ”On” and the sensor class
is ”contact” then we infer the contact event ”Open”. If the
provided data is ”Off” and the sensor class is ”contact” then
we infer the contact event ”Closed”.

2.2. Activity Monitoring

2.2.1 Activity Modeling

To give the meaning of the activities of interest happening
at home a modeling effort is needed. To model postures
and activities of interest at home we have used the event
description language proposed by Vu et al. [12]. This lan-
guage is both declarative and intuitive (in natural terms) so
the experts of the application domain can easily define and
modify the event models. However, this language presents
some significant drawbacks for modeling daily activities.
His first drawback is that it is dedicated for data provided
by only video cameras and does not take into account data
provided by other types of sensors. His second drawback is
that it does not allow to model complex activities by com-
bining data from different sensors.
So, we propose 2 extensions of this language. The first ex-
tension concerns the adding of data provided by non-video
sensors. The second extension allows the combination of
different sensors in order to address complex activity mod-
eling in a scene observed by video cameras and environ-
mental sensors and over an extended period of time. The ex-
tended language uses a declarative representation of events
that are defined as a set of spatio-temporal and logical con-
straints. Three main types of events have been designed.
A primitive state which is a spatio-temporal property valid
at a given instant or stable over a time interval that is di-

rectly inferred from the visual attributes of physical objects
computed by vision routines (e.g. a person is located in-
side a kitchen) or by other sensors (e.g. a fridge is open).
A primitive event which is a primitive state transition and
represents the finest granularity of events (e.g. a person is
staying close to a table). A composite event which is a
combination of primitive states and events (e.g. a person is
preparing a lunch). To model an event E, we distinguish the
set of physical objects (e.g. persons, tables) involved in E,
a set of components (i.e. sub-events) composing E and a set
of constraints on these physical objects and/or these com-
ponents.
For homecare application, we have done a strong effort in
event modeling. The result is 100 models which is our
knowledge base of events: 58 customized video events
for household activities (among them 26 are posture-based
events), 26 environmental event models, and 16 daily ac-
tivities models. These daily activities are: using (i) fridge,
(ii) cupboards, (iii) drawers, (iv) microwave, (v) stove, (vi)
telephone, (vi) watching TV, (viii) dish washing, (ix) slump-
ing in armchair, (x) taking a meal, and (xi) 6 variations of
preparing a meal: breakfast, lunch, dinner, warming a meal,
cold meal and hot meal. Each activity is modeled with sub-
activities relating to objects involved in that activity. For
example, in the definition of the model of preparing lunch,
the person should be located close to the countertop in the
kitchen and staying at this location for a while, the person
opens cupboards to take ingredients and dishes (e.g. plates,
fork, knife), opens the fridge to take foods, uses the stove to
cook the meal. Figure 2 shows a model of preparing lunch.
This model involves 5 physical objects (the person, and 4
equipments), five components: person close to countertop
(video camera), person stays at countertop (video camera),
three multisensor composite events related to the using of
the kitchen equipment (Cupboards, Fridge and Stove) and
three temporal constraints.

2.2.2 Activity Recognition

To address complex activity recognition involving several
physical objects of different types (e.g. person, chairs)
in a scene observed by video cameras and environmental
sensors over an extended period of time, the recognition
process takes as input video and environmental events and
the a priori knowledge of multimodal events to be recog-
nized. These events are first processed to synchronize them.
Then, the event recognition process takes as input the syn-
chronized events and tries to understand which events (i.e.
video-environmental events or activities) are occurring. The
algorithm operates in 2 stages: (i) at each incoming frame,
it computes all possible primitive states related to all mo-
bile objects present in the scene, and (ii) it computes all
possible events (i.e. primitive events, and then composite

218280



Figure 2. Example of ”preparing lunch” model. The thresh-
old1 and the threshold2 are calculated using 5 annotated ”Prepar-
ingLunch” event.

events) that may end with the previously recognized primi-
tive states.

2.3. Scene Modeling

The defined 3D model of an apartment contains both
geometric and semantic description of the specific zones,
walls and the equipment located in the observed apartment
and contains also geometric information of the installed
sensors. In this 3D model, we have defined:
* A 3D referential which contains the calibration matrices
and the position of the video cameras;
* A list of environmental sensor positions. To define these
positions, we have provided for each installed sensor the
associated equipment with its location in the scene.
* A list of geometric areas corresponding to the different
rooms (i.e. entrance, kitchen, livingroom, bedroom and
bathroom) in the observed environment (i.e. an apartment);
* A list of geometric zones corresponding to the different
zones of interest in the observed environment (i.e. entering
zone, exiting zone, cooking zone, eating zone, sleeping
zone and bathing zone);
* A list of walls to describe for instance home walls (e.g.
kitchen north wall, bedroom west wall);
* A list of the different equipment (e.g. table, fridge,
microwave) present in the observed scene with its char-
acteristics (e.g. static objects (e.g. stove), objects with
displacements (e.g. chairs)).
The geometric description of areas contains a polygon
defined in a plane (i.e. a ground). The geometric de-
scription of equipment is defined by its size (i.e. height,
width, length) and its coordinates in a plane. The semantic
description of an area, of a zone, of a wall, and of an
equipment contains two attributes: its type (area, zone, wall

(a) External view of the ex-
perimental apartment

(b) The kitchen in the experi-
mental apartment

Figure 3. Views of the experimental apartment

or equipment) and its name (e.g. cooking zone, kitchen,
table). The proposed 3D model of an apartment can be
used in another environment, by redefining the geometric
information of the new observed environment.

A 3D model of a mobile object is composed by a
name of a model, and by a set of Gaussian functions which
describe the 3D width, 3D height, and 3D depth of the
mobile object. The availability of a 3D model of mobile
objects allows us to have a more precise description of the
mobile objects present in the scene (e.g. person, pets).

3. Results and Validation of the proposed sys-
tem

In order to evaluate the whole proposed activity moni-
toring framework, an experiment has been performed. The
main objectives of this experiment are to validate the differ-
ent phases of the activity monitoring framework, to high-
light interesting characteristics of the approach, and to eval-
uate the potential of the framework for real world applica-
tions.

3.1. Experimental Site

Developing and testing the impact of the activity mon-
itoring solutions requires a realistic environment in which
training and evaluation can be performed. To attain this goal
we have set up an experimental apartment (see figure 3).
This laboratory is located in the CSTB (Scientific Center of
Technical Building) at Sophia Antipolis in France. This ex-
perimental site looks like a typical apartment of an elderly
person: 41m2 with an entrance, a livingroom, a bedroom,
a bathroom, and a kitchen. The kitchen includes an electric
stove, a microwave, a fridge, cupboards, and drawers. This
apartment is equipped with different sensors (see figure 4).
Commercially available sensing devices were used for data
gathering including video cameras, and environmental sen-
sors embedded in the home infrastructure.

3.2. Performed Experiment

We have evaluated the proposed activity monitoring
framework in collaboration with gerontologists from Nice

219281



Figure 4. Position of the sensors in the experimental apartment

hospital in France. These gerontologists have defined ADLs
scenarios of human activities. These scenarios have been
tested in the experimental apartment with real elderly vol-
unteers they have selected [15]. While living in the exper-
imental site, nine real elderly people, aged from 64 to 85
years old, have been observed, each one during 4 hours,
and 36 video sequences have been acquired by 4 video
cameras (at ten frames per second), each video sequence
contains about 144 000 frames. The collected data in-
clude the 36 video streams, and also data provided by 24
environmental sensors. These data are available on www-
sop.inria.fr/members/Francois.Bremond/topicsText/ gerhomePro-
ject.html. The volunteers were encouraged to behave freely
and to maintain as normal as possible their behaviors and
were asked to perform a set of household activities such as
preparing meal, taking meal, washing dishes, cleaning the
kitchen, watching TV and taking a nap while staying in the
apartment. Each volunteer was alone in the apartment dur-
ing the observation period and was observed during 4 hours
(i.e. between 10h and 14h). All the volunteers were inter-
viewed separately, after the study, about the experience of
living in the experimental apartment. They were also asked
about the proposed scenario, the acceptance of the sensor
technologies and the proposed system. This study shows
that the proposed system is thoroughly accepted by the el-
derly and is also well appreciated by the medical staff.

3.3. Results of Recognition

To estimate threshold values (i.e. the different thresholds
introduced in the definition of activity models in section 2.2
in figure 2), we use 5 ground truth video sequences for 5 ob-
served elderly people among the all experimental data. Re-
sults of the recognition of 6 daily activities in the 5 ground
truth video sequences are shown in table 1. The duration of
these video sequences is 20 hours. Table 1 summarizes the
ground truth (GT), the true positive (TP), the false negative
(FN), the false positive (FP), the precision (P=TP/(TP+FP))
and the sensitivity (S=TP/(TP+FN)) of the recognition of
six daily activities. These daily activities are well recog-
nized by the proposed monitoring system. The errors in the

Multimodal activity GT TP FN FP P S
Use fridge 65 54 11 9 86% 83%
Use stove 177 165 11 15 92% 94%
Sitting
on chair 66 54 12 15 78% 82%
Sitting
on armchair 56 49 8 12 80% 86%
Prepare lunch 5 4 1 3 57% 80%
Wash dishes 16 13 3 7 65% 81%

Table 1. Results of the recognition of 6 daily activities for 5 video
sequences

recognition are sometimes due to the sensor measurement
errors and sometimes due to the predefined event durations
used in the definition of the activity model (i.e. the prede-
fined thresholds).
- The false positives in the recognition of ”sitting in a chair”
and ”sitting in an armchair” activities are detected when a
person drops his bag on a chair or in an armchair which ac-
tivates the pressure sensors installed under the chair and/or
under an armchair.
- The missing event in the recognition of ”prepare lunch”
activity is due to the fact that in one video sequence, a per-
son who prepared lunch has used the microwave instead of
the stove. Thus, in this case the activity ”prepare lunch”
should be modeled differently.
- The false positives in the recognition of ”wash dishes” ac-
tivity are detected when someone opens the tap water to
wash hands. The false negatives are caused when a person
washes a cup which takes less time than washing dishes.

3.3.1 Results of the Recognition without and with us-
ing Dempster Shafer Uncertainty

In this work we used environmental sensors which pro-
vide two binary values ”On” if the sensor is activated and
”Off” if the sensor is deactivated. The challenges posed
with the use of binary sensor technology and the determi-
nation if a sensor provides a value of ”On” or ”Off” how
sure can we be about this measurement are huge. By apply-
ing Dempster-Shafer (DS) theory of evidence for the rep-
resentation and management of sensor uncertainty will pro-
vide a possible solution to this problem. For this, we use
Dempster-Shafer [10] theory through the fusion of contex-
tual information inferred from uncertain sensor data. Using
the Dempster-Shafer (DS) theory, we calculate the uncer-
tainty in sensor measurements of 4 activities for one video
sequence. Comparison between the results obtained with-
out using uncertainty and the results obtained with using
uncertainty (see table 2) shows some improvements in the
recognition of activities. The new results (using uncertainty
in sensor measurements) show a good recognition, com-

220282



Without uncertainty With uncertainty
Multimodal GT TP FN FP TP FN FP
activity
Use Fridge 24 18 6 3 21 3 1
Use Stove 18 15 3 4 16 2 1
Sitting on
a Chair 29 25 4 7 27 2 2
Sitting in
an Armchair 8 6 2 5 7 1 2

Table 2. Comparison between obtained results without and with
using DS uncertainty of recognition of 4 daily activities for 1 video
sequence

pared to the results obtained without using uncertainty in
sensor measurements, of the ”use fridge” (Precision= 95%
vs. 85% and Sensitivity= 87% vs. 75%), of the ”use stove”
(Precision= 94% vs. 78% and Sensitivity= 88% vs. 83%),
of the ”sitting in a chair” (Precision= 93% vs. 78% and Sen-
sitivity= 93% vs. 86%), and of the ”sitting in an armchair”
(Precision= 77% vs. 54% and Sensitivity= 87% vs. 75%)
activities.

3.4. Behavioral Profile

The basic goal of defining behavioral profile is to mea-
sure variables from individuals during their daily activities
in order to capture deviations of activity and posture to facil-
itate timely intervention or provide automatic alert in emer-
gency cases. In this work, to define a behavioral profile for
a person Pj, we measure two main variables: the duration
and the number of occurrence of each daily activity for a
person Pj.

3.4.1 Event Duration

In this work we propose to estimate the duration of each
event Ei by calculating the mean duration value of Ei. We
calculate the mean duration µEi,Pk ofEi for each volunteer
Pk by summing all the durations dEi of Ei and dividing by
their number of occurrence NEi (see equation 1).

µEi,Pk =

∑n
i=1 dEi

NEi
(1)

3.4.2 Leave-One-Out Cross Validation

For each observed elderly person among the 9 observed el-
derly people, we have done the leave-one-out cross valida-
tion on the activity duration. This technique involves using
a single observation as the validation data, and the remain-
ing observations as the training data. This is repeated such
that each observation is used once as the validation data.
We calculate firstly the mean duration of each event for R

persons (R is the number of training set, the number of peo-
ple minus 1) among the all observed persons by using the
following equation:

MDEi,Pj =

∑Pk∈P,Pk 6=Pj
µEi,Pk

R
, ∀Pj ∈ P (2)

Where: MDEi,Pj represents the mean duration for
a given event Ei for each person but a person Pj;
µEi,Pk represents the mean duration for each event
Ei for each person Pk (see equation 1); P =
{P1, P2, P3, P4, P4, P5, P6, P7, P8, P9}; and R repre-
sents the number of the training set of data (i.e. R =
P − 1 = 8).
Secondly, we calculate the standard deviation σEi,Pj for
each event Ei for each person but a person Pj by using
the following equation:

σEi,Pj =

√√√√ 1

R

R∑
k=1

(µEi,Pk −MDEi,Pj)2 (3)

=

√√√√ 1

R

R∑
k=1

µ2
Ei,Pk −MD2

Ei,Pj

Where: σEi,Pj represents the standard deviation for each
event Ei for each person but a person Pj.
Finally, we calculate for each person but a person
Pj and for each event Ei the interval IEi,Pj =
[MDEi,Pj − σEi,Pj ;MDEi,Pj + σEi,Pj ].
After that we compare the mean duration µEi,Pk for each
event Ei with the interval IEi,Pk (results are shown in sec-
tion 3.4.3).

3.4.3 Comparison between results for 9 elderly people

In this study we compare the behavioral profile of 9 elderly
people observed during 4 hours by using results of the
recognition of daily activities. We compare the number of
occurrence NEi of 5 daily activities for the 9 volunteers
during the four hours of observation. The obtained results
are shown using graphics. Figure 5 shows the results
comparing the number of occurrence of 5 activities for 9
elderly people. In this figure, there are some difference
in the occurrence of the 5 daily activities between the 9
elderly people. Results of the number of occurrence of the
5 daily activities show:
- The volunteer P9 (woman of 85 years) was using more
the ”stove” than the remaining volunteers.
- The volunteer P1 (man of 64 years) was using more the
”fridge” than the remaining volunteers.
- The volunteers P1 (man of 64 years) and P7 (woman of
66 years) were more often seen ”sitting on chair” than the
remaining volunteers, and the volunteers P4 (man of 66
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Figure 5. Results of normalized activity occurrence comparing 9
elderly people (100% is given to the person who made the maxi-
mum occurrence of an activity)

Figure 6. Normalized mean duration of 5 activities comparing 9
elderly people. The horizontal rectangles represent the normalized
mean durations MDEi,Pj

years) and P6 (woman of 70 years) were more often seen
”sitting in an armchair” than the remaining volunteers.

Using the cross-validation technique described in sec-
tion 3.4.2, we have obtained 54 intervals (i.e. 6 events x 9
persons). We validate each activity by comparing the mean
duration µEi,Pk of each event Ei for each person Pk with
the corresponding interval. The obtained results are shown
in figure 6. For example, for the person P1, to validate
an event E1 which represents the event ”Use Fridge”, we
compare his mean duration value µE1,P1 to the interval
IE1,P1 = [MDE1,P1 − σE1,P1;MDE1,P1 + σE1,P1].

Figure 6 shows:
- The volunteer P4 has used a fridge during a long time
compared to the others, and the volunteer P3 has used a
fridge for a shorter time compared to the others.
- The volunteer P9 was ”sitting in a chair” during a longer

Figure 7. The recognition of ”preparing a meal” activity of a real
elderly man (person P2)

duration than the others, and person P6 was ”sitting in
a chair” for a shorter time. Using these results, we can
deduce that a person P6 is more able to the person P9 to
move in the apartment.
- The volunteers P4 and P6 were ”sitting in an armchair”
for a longer duration than the others, and person P9 was
”sitting in an armchair” for a shorter time.
- The volunteer P6 has used a TV for a shorter time than
the others, and person P2 has used a TV during a longer
duration.

The main deductions of all the obtained results show
that:
- The person P9 (woman of 85 years) has a fairly different
profile from the others. This person shows some inabilities
in using kitchen equipment (e.g. on using stove) and also
shows some difficulties to move in the laboratory (e.g.
sitting in a chair for a long duration), which may be the first
sign of the frailty of this person.
- The person P6 (woman of 70 years) shows different
profile in using TV, in sitting in a chair and in sitting in
an armchair. After viewing the videos, we found that this
person had difficulties in turning on the TV. This may be
due to the fact that this person does not have TV in her own
home or has difficulties using the remote control. About
sitting in a chair and sitting in an armchair it is due to the
sensor failures, the pressure sensors are very sensitive to
weight (e.g. they are activated for very light weight like
bags).
- The person P4 (man of 66 years) shows different profile
in using TV, using fridge and sitting in an armchair.

Figure 7 shows the recognition of ”preparing a meal”
activity for the volunteer P2, and figure 8 shows the
recognition of ”taking a meal” activity for the volunteer P9.
The obtained results demonstrate that the proposed activity

monitoring system allows to detect and recognize a set of
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Figure 8. The recognition of ”taking a meal” activity of a real el-
derly woman (person P9)

activities of a person by using the data provided by the
combination of the selected sensors. The study shows that
the proposed system is thoroughly accepted by the elderly
and it is also well appreciated by the medical staff.

4. Conclusion and Future Work
In this paper we have presented an activity monitoring

system to analyze the behavior of elderly people. The pro-
posed system has been successfully tested for a set of daily
activities of 9 real elderly volunteers observed in an ex-
perimental apartment. We have obtained good results with
few false alarms. In the current work, the proposed activity
monitoring approach was evaluated in the experimental lab-
oratory with 9 elderly people. The next step of this work re-
quires to test this approach for a long time in nursing homes
and in hospital environment involving more people with dif-
ferent wellness and different health status (e.g. Alzheimer
patients).
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An Algorithm for the
Automatic Detection 
of Health Conditions
An Image Processing Technique for 
Diagnosing Poor Health in the Elderly

BY MASAYUKI NAMBU,
KAZUKI NAKAJIMA,
MAKOTO NOSHIRO, 
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I
n this article, we describe the development of an algorithm
for a health diagnosis system for the elderly that uses
image processing. This algorithm reconstructs mono-
chrome images from data of the time a subject watches TV

and calculates the index for diagnosis of the subject’s health
condition from the entropy of the image. When this algo-
rithm was applied to the data obtained for seven months, the
result almost corresponded to the health condition of the sub-
ject. We assumed that this method can be used not only for
diagnosis of a physical condition but also for diagnosis of a
mental condition. 

Several support systems of the daily life in the elderly,
using the information network, are proposed [1]–[5], and
one part has been put to practical use [6]. We also had pro-
posed and operated, experimentally, the home healthcare
system [7], [8], which is a combined system of the informa-
tion network and biomedical sensor system. Systems such
as the one we proposed acquire biomedical data from the
elderly from which their functional health status can be ana-
lyzed. The main function of these systems is to urge the
medical doctor to give a precise diagnosis to the elderly
patient if the abnormal status is detected in the data, which
had been acquired when the subject was healthy.

Because the elderly generally have low incomes, a signifi-
cant investment to maintain the health condition of the quality
of life (QOL) is not desirable. Moreover, it is undesirable for
the running cost to be expensive because it is often
paid by public assistance. However, the running cost
is expensive in most existing systems because these
systems need the simple manual diagnosis by the
medical staff, including a medical doctor, for detect-
ing the abnormal status [9]. To solve this problem,
we propose the new algorithm, which applies the
image processing technique for the automatic detec-
tion of an abnormal status of the health condition.

Methodology
We obtained the approval of experimental protocol
from the ethics committee of Welfare Techno-
House Mizusawa, and  before the experiment, writ-
ten informed consent was obtained from the subject
who participated in this study.

We attempted to extract an index showing health condition
from the data of the system that is experimentally operated by a
cooperative subject. We assumed that the activity of the subject
would be less or the pattern of the activity would be different
from its usual condition if the subject has contracted a disease.

The system has a running monitor of electric appliances or
door switches. We browsed the frequency of the use of elec-
tric appliances (the acquired data are shown in Table 1).
Normally, there are many electric appliances and doors in
the home, even if the resident lives alone. Therefore, there
are many types of data that can be acquired. As shown in
Table 1, there were door switches for the refrigerator, the
electronic oven, and the kitchen and a running monitor of the
television. We tried to analyze the health condition of the
elderly using whole data that we acquired. However, it was
difficult, because most data have no correlation to each
other. Moreover, it is not a global method, because the num-
ber and kinds of sensors are different in each home, and the
custom of daily life is different in each subject. Therefore,
the diagnosis depends on the subjective evaluation by med-
ical staff in existing home care systems.

We tried to develop the diagnosis method using one type of
data, which was selected carefully. It is necessary that the data
for the diagnosis are common to most subjects and are capable
of showing not only the physical condition but also the mental
condition of the subject. Finally, we selected the data from the

Table 1. Sample data of home care system (excerpt).

Refrigerator Refrigerator Electronic Kitchen
(Upper) (Lower) Oven Door Television

7:00 8:19 8:17 9:23 7:13

8:08 11:52 8:19 11:34 11:46

8:10 12:02 16:52 11:43 14:12

8:22 12:03 16:56 14:32 16:49

11:54 12:03 17:53 15:41 17:00

12:06 12:25 17:56 15:43 18:15

12:24 12:31 19:10

12:27 14:16

BACKGROUND: ©1999 PHOTODISC, INC.,
PETRI DISH: ©2001 IMAGE SOURCE LIMITED 
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running monitor of a television. We considered that the cus-
tom of watching television always depends on the program,
and the custom is strongly influenced by the physical and
mental condition of the subject. Figure 1 shows the data that
were acquired from the running monitor of the television for
30 consecutive days. Figure 1(a) shows the data of a month in
which the subject did not appear to be in bad health. Figure
1(b) shows the data of a month in which the subject appeared
to be in bad health. On 26 July, which was the last day of the
experiment, the subject was diagnosed with a bad kidney func-
tion condition and was hospitalized. From Figure 1, we
assumed that the subject watched the television at roughly
fixed times if he/she was healthy. 

At first, we tried to diagnose the health condition of the sub-
ject from a change in the start time of television viewing; we
assumed that the subject watched the same program repeated-
ly. However, we confirmed the subject did not necessarily
begin watching television at the same time of day or at the
same time of week, as shown in Table 2. Then we tried to con-
vert the graph into the image and diagnose the health condi-
tion of the subject from the feature of the image.

We reconstructed the monochrome image from data. Every
start time for watching a TV program was recorded to the
data. Therefore, we divided the 24 h by 15 min, and we
assumed that we could obtain a 30 × 96 pixel monochrome
image. If the starting time was recorded within a 15 min inter-
val, we set the pixel of the image to black (Figure 2).

In the image obtained from the data of the month when the
subject was healthy, there is an area in which the pixels are
concentrated. On the other hand, the pixels are distributed ran-
domly in the image obtained from the data of the month where
the subject appeared in bad health. We assumed that random-
ness of the reconstructed image increases if the rhythm of daily
life collapses and there is a bad health condition. 

When randomness of the image is high, it means the
information content (entropy) is large. In other words, the
information content of the reconstructed image obtained
from the data of the month where the subject appeared in
bad health is relatively high. Therefore, the health condi-
tion of the subject can be diagnosed from the entropy of
the reconstructed image, which is obtained from the data
of the beginning time of watching television. 

Evaluation
We diagnosed the health condition of the subject by using
actual data to evaluate whether the proposed technique was
effective. The data had been acquired in a continuous period
of seven months (January–July 2000). The subject was a 78-
year-old female who lived alone.

Preprocessing 
Sometimes the subject went out and was absent all day to visit
the home of her children or to go on a short trip during the
evaluation period. In this case, the data were empty and influ-
enced the diagnosis as noise. Therefore, the data of absent
days were intentionally deleted. The data at the time when no
television program was broadcast were similarly deleted. 

In addition, the subject turned the power switch of the televi-
sion on and off frequently in the month she appeared to be in
bad health. Most of these operations would be an origin of noise

Fig. 1. Start time of watching the television: the subject’s con-
dition is (a) healthy and (b) not healthy.
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on the data. We sampled the data in every 15 min interval
according to the broadcasting of the television program and
reconstructed the image for diagnosis.

Index for Diagnosis 
The entropy [10] H(X) of the data X is defined by

H(X ) = −
n∑

k=1

p(k) log2

(
p (k)

)
. . . , (1)

where X = {a(1 ), a(2 ), . . . a(n)}, p(k) is the probability of
the appearance of a(k).

It is necessary to convert or normalize it into the index to be
able to compare it simply and understand it easily for the prac-
tical diagnosis. In addition, we tried to obtain the index from
two-dimensional (2-D) images. Then, we assumed the ratio of
the size of the file before and after compression to be an index
by compressing the image using the maximum entropy method
(MEM). If the entropy of the image before compression is
large, compression is not effective, and the size of the file after
the compression must be larger than that before the compres-
sion because the information for the compression is added.

Result
The reconstructed image from the data of the subject is shown
in Figure 3. As for the data of the subject in July, by which
time she had a bad health condition, it seems to be distributed
unlike any other data of the previous six months. Reconstructed
images from the data of each month are shown in Figure 4.
Table 2 shows the size of the original images and the com-
pressed images. Only in July’s data is the file size after com-
pression larger than that of the file before compression.

In addition, to evaluate the method statistically, we obtained
the reconstructed image from each continuous two weeks. Figure
5 shows the average of the index. As the result of the t-test,
there is a significant difference between the data when the
subject is healthy and when the subject is not healthy (a signif-
icant level of 5%). 

Discussion
As a result of the evaluation, our index represented the health
condition of the subject according to our assumption. Especially
in the month she appeared to be in bad health, the subject
seemed to operate the switch frequently. We consider that this
behavior represents not only a bad physical condition but a bad
mental condition as well. In this time, the randomness of the
pattern of the activity in daily living became larger when the
subject was not healthy. We assumed that the cause of such a
result was having used the data of the television reception.
Because the TV program was broadcast at a fixed time, it was a
trigger of daily living. Therefore, the trigger would not be as
effective when the subject was in poor health. It is not certain
that our proposal method could be applied to every elderly per-
son. However, this method can be applied to the data from the
activity of daily life in the elderly. For instance, it is possible to
apply it to anything that begins at a fixed time, such as a meal. 

This method will be used for the evaluation of a simple
diagnosis for the prevention of disease; the final diagnosis by a
medical doctor is necessary. Unfortunately, in Japan, public
insurance is not applied to preventive medicine at this time

IEEE ENGINEERING IN MEDICINE AND BIOLOGY  MAGAZINE JULY/AUGUST 2005

Table 2. Original and compressed image size.

Original Compressed Index
Case (Byte) (Byte) (Compression Rate)

Healthy 1 374 309 0.826

Healthy 2 398 317 0.796

Healthy 3 338 286 0.846

Healthy 4 386 284 0.736

Healthy 5 326 282 0.865

Healthy 6 290 273 0.941

Not Healthy 302 310 1.026

Fig. 3. Reconstructed image of (a) healthy six months
(January–June) and (b) a not-healthy month (July).

Fig. 2. A reconstructed monochrome image. The black pixels
represent the start time of watching television: (a) healthy
and (b) not healthy.

(a) (b)

(a) (b)
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[11]. However, we believe that the total medical expense will
decrease if public insurance is applied to this type of home
care system in the future because the medical expenses for the
elderly will decrease.

Long-term data such as one month is needed for this system
because this system uses the character of 2-D data as an image.
We confirmed the effect of this method by discrete data each
month. However, we should also confirm whether this method is
effective for rapid changes in the health condition of the elderly.
Therefore, we set the data window at one month and acquired
the index in each data window by moving this window. The
result is shown in Figure 6. 

The abnormal condition was found at the end in June
(Figure 6). We confirmed (through a prior questionnaire

investigation) that the subject appeared to be in bad health
after a short trip in the middle of June, and the result repre-
sents this change in health condition. Therefore, we can
diagnose the daily change using the proposed method.

Conclusion
We proposed a new algorithm for diagnosing the health condi-
tion of elderly persons living alone. As a result of the evalua-
tion, we consider this algorithm to be effective according to the
subject. In addition, this method was economical because the
algorithm needed only simple data acquired from simple sensors.
In the future, an automatic diagnosis will be available using this
algorithm. Finally, total medical expenses will be reduced if this
system is practical.

Fig. 4. Reconstructed images: (a) January, (b) February, (c) March, (d) April, (e) May, (f) June, (g) July. The width of each
image is different because data from when the subject went out were removed.

(a) (b) (c) (d) (g)(f)(e)

Fig. 5. Average of index: (a) healthy and (b) not healthy.

1.2

1

0.8

0.88
0.97

P<0.005

(a) (b)

0.6

0.4

0.2

0

Fig. 6. The continuous change of the compression rate.

1.05

1

0.95

0.9

0.85

C
om

pr
es

si
on

 R
at

io

0.8
1 May 1 June

Date

1 July

Subject Begins to Appear in
Bad Health Condition.



42

Acknowledgments
The authors thank the subject, Dr. Izutsu, and another
staff member from Welfare Techno-House Mizusawa who
acquired the data. 

This work was supported in part by Comprehensive
Research on Aging and Health of Health Sciences Research
Grants from the Ministry of Health, Labor, and Welfare,
Research Grant for Longevity Sciences from Chubu National
Hospital, and Industrial Technology Grant Program of New
Energy and Industrial Technology Development
Organization.

Masayuki Nambu received the B.S.
degree from Tokyo University of Science,
Japan, in 1991 and M.S. and Ph.D. degrees
from Nara Institute of Science and
Technology, Japan, in 1997 and 1999,
respectively. He is a section chief of the
Department of Gerontechnology in the
National Center for Geriatrics and

Gerontology. His research interests include telemedicine,
home care technology, and biomedical measurement.

Kazuki Nakajima received the B.S. and
M.S. degrees from Kyoto Institute of
Technology, Japan, in 1985 and 1987,
respectively, and the Ph.D. degree from
Yamaguchi University, Japan, in 1996.

He worked at Yamaguchi University and
the National Institute for Longevity
Sciences and moved to Toyama University,

Japan, where he is an associate professor of the Department of
Electric and Electronic Engineering in the Faculty of
Engineering. He also serves as a cochair of the IEEE Japan
Chapter of the Engineering in Medicine and Biology Society.
His research interests include biomedical measurement, biosig-
nal processing, and home care technology.

Makoto Noshiro received the B.E. and
Ph.D. degrees from the University of Tokyo
in 1969 and 1981, respectively. He worked
on circuit design with Fujitsu Co. Ltd., joined
Tokyo Medical and Dental University,
Japan, and then moved to Kitasato
University, Japan, where he is a professor of
electronic engineering in the School of

Health Allied Sciences. His research interests include the analy-
sis of biological and medical systems, the measurement of elec-
trical bioimpedance and its application, and bioinformatics.

Toshiyo Tamura received the B.S. and
M.S. degrees from Keio University, Japan, in
1971 and 1973, respectively, and the Ph.D.
from Tokyo Medical and Dental University,
Japan, in 1980. He worked at the National
Institute for Longevity Sciences and moved
to Chiba University, Japan, where he is a
professor in the Department of Medical

System Engineering in the Faculty of Engineering. His research
interests include biomedical instrumentation, biosignal process-
ing, telemedicine, and home care technology.

He has served as a chair of the IEEE Engineering in Medicine
and Biology Society (EMBS) Tokyo Chapter from 1996–2000
and is the current Asian Pacific representative for the EMBS. 

Address for Correspondence: Masayuki Nambu, 36-3
Gengo, Morioka, Obu 474-8522 Aichi, Japan. Phone: +81 562
46 2311. Fax: +81 562 48 6668. E-mail: nambu@nils.go.jp.

References 
[1] N.H. Lovell, F. Magrabi, B.G. Celler, K. Huynh, and H. Garsden, “Web-based
acquisition, storage, and retrieval of biomedical signals,” IEEE Eng. Med. Biol.
Mag., vol. 20, no. 3, pp. 38–44, 2001.

[2] M. Ogawa, T. Tamura, and T. Togawa, “Automated acquisition system for rou-
tine non-invasive monitoring of physical data,” Telemedicine J., vol. 4, no. 2, pp.
177–185, 1998.

[3] K. Shimizu, “Telemedicine by mobile communication,” IEEE Eng. Med. Biol.
Mag., vol. 18, no. 4, pp. 32–44, 1999.

[4] S. Barro, J. Presedo, D. Castro, M. Fernandez-Delgado, S. Fraga, M. Lama, 
and J. Vila, “Intelligent telemonitoring of critical-care patients,” IEEE Eng. Med.
Biol. Mag., vol. 18, no. 4, pp. 80–88, 1999. 

[5] J.M. Winters, Y. Wang, and J.M. Winters, “Wearable sensors and telerehabilita-
tion,” IEEE Eng. Med. Biol. Mag., vol. 22, no. 3, pp. 55–65, 2003.

[6] I. Korhonen, J. Parkka, and M. van Gils, “Health monitoring in the home of the
future,” IEEE Eng. Med. Biol. Mag., vol. 22, no. 3, pp. 66–73, 2003.

[7] M. Nambu, K. Nakajima, A. Kawarada, and T. Tamura, “A system to monitor
elderly people remotely, using the power line network,” in Proc. 22nd Annu. Int.
Conf. IEEE Eng. Med. Biol. Soc. [CD-ROM]. TU-Aa-201-3, 2000.

[8] M. Nambu, K. Nakajima, A. Kawarada, and T. Tamura, “The automatic health
monitoring system for home health care,” in  Proc. ITAB-IRIS 2000, Washington,
DC, 2000, pp. 79–82.

[9] R. Suzuki, M. Ogawa, Y. Tobimatsu, and T. Iwaya, “Time-course action analysis
of daily life investigations in the welfare techno house in Mizusawa,” Telemed. e-
Health, vol. 7, no. 3, pp. 249–259, 2001.

[10] C.E. Shannon, “A mathematical theory of communication,” Bell Syst. Tech. J.,
vol. 27, pp. 379–423, 1948.

[11] “Establishment of the long-term care insurance system and the development of
long-term care service supply system,” in Annual Reports on Health and Welfare,
Social Security and National Life, vol. 1, pt. 2, ch. 3. [Online]. Available:
http://www.mhlw.go.jp/english/wp/wp-hw/

IEEE ENGINEERING IN MEDICINE AND BIOLOGY  MAGAZINE JULY/AUGUST 2005

The health condition of the subject can

be diagnosed from the entropy of the

reconstructed image.



Proceedings of the Second Joint EMBWBMES Conference 
Houston, TX, USA October 23-26,2002 

Long-term remote behavioral monitoring of the elderly using sensors installed in 
domestic houses 

Mitsushiro Ogawa', Ryoji Suzuki2, Sakuko Otake3, Takeshi Izutsu3, Tsutomu Iwaya2, Tatsuo Togawa' 
' Institute of Biomaterials and Bioengineering, Tokyo Medical And Dental University, Tokyo, Japan 

* Rehabilitation Medicine for persons with physical disability, Disability Science, Tohoku University Graduate School of 

' Welfare Comfortable House Co. Ltd., Mizusawa, Japan 
Medicine, Sendai, Japan 

Abstract- In maintaining the health of elderly people, it can be 
useful to monitor their health status through their daily routines 
in their own home. This paper reports on the remote 
monitoring of the daily routine behavior of elderly patients in 
their domestic houses. We attempted to monitor the daily 
behavior of two elderly ladies (a 74-year-old woman and a 72- 
year-old woman) who live alone in Mizusawa, Japan, over a 
period of one year. Several sensors were installed, including 
infrared sensors to detect human movement, magnetic switches 
to detect the opening and closing of doors, wattmeters embedded 
in wall sockets to detect the use of household appliances, a flame 
detector to detect the use of a cooking stove, and a CO, sensor to 
detect the presence of a subject in a room. An industrial 
networking system was introduced into each house to combine 
the sensors. The sensor outputs were recorded on a personal 
computer located in each house. The data were automatically 
transferred daily to another site via the Internet using CATV. 
With our system, the monitoring procedure was fully automated 
and did not require the placement of any sensors on the subjects 
or require any operations by the subjects. Information on 
several daily behavior patterns, such as the number of door 
openings, the length of sleep, absences from the house, use of a 
cooking stove, and the time spent watching television were 
clearly identifiable from the obtained data. Such monitoring 
techniques can contribute to maintaining the health of selected 
patients. 
Keywords - Health monitoring at home, remote monitoring, 
automatic monitoring, telecare, daily behavior 

I. INTRODUCTION 

In maintaining the general health of people, and especially 
the health of the elderly, it can be useful to remotely monitor 
their health status in their daily lives [1-6]. This paper reports 
on the monitoring of the daily activities of elderly patients by 
using sensors attached to house hrnishings and fittings 
located in the patients' own house. Monitoring can be 
achieved automatically, without placing any sensors on the 
subject (e.g., electrodes and cuff sensors). If we wish to 
monitor people without burdening them with the process, 
then the development of automated monitoring systems 
within the home presents a significant challenge. 

11. METHOD 

A .  The Monitoring System 
The monitoring system was designed to work long-term, 

without any human operation throughout the monitoring 
period. The system included a personal computer, several 
sensors, amplifiers, a network, and an ISDN modem. The 

system consisted of two parts: data acquisition and data 
transfer. 

1) Data Acquisition: Several sensors were chosen for 
monitoring daily behavior. The selected sensors were both 
easy to install and use, and they did not disturb the daily 
behavior of the subjects. The following sensors were 
selected: infrared sensors (to detect human motion), magnetic 
switches (to detect the opening and closing of doors), 
interrupt sensors (to monitor the passage of a human), 
wattmeters embedded in wall sockets (to detect the use of 
household appliances), flame detectors (to detect the use of a 
cooking stove), a carbon dioxide sensor (to detect the 
presence of a subject in a room by the monitoring of any 
exhaled CO,). 

A wired network (Sysmac Alpha, Omron Corporation, 
Japan) connected the sensors and computer. Although the 
network was originally produced for industrial use (especially 
for industrial automation), it was easily adapted to a domestic 
setting. The sensor outputs were collected using a monitoring 
program (based on Daikanyama 32, Omron Corporation, 
Japan) installed on a personal computer and connected 
through the network. 

2) Data Transfer: The data were automatically transferred 
daily to a data collection site via the Internet using CATV. 
The data were then accumulated at another site. 

0-7803-7612-9/02/$17.00 0 2002 IEEE 1853 

B. The Experiment 
A 74-year-old woman (subject A) who lived alone was 

selected for the monitoring experiment. To monitor her daily 
behavior, sensors were installed in her house in the kitchen, in 
the dining room, in the living room, on the doors, in the 
television, and in the washing machine. Using the installed 
system, the subject has been monitored from February 2000. 
Another woman, 72 years old (subject B), who also lived 
alone, was selected as the second subject, and had sensors 
installed in her house. Subject B has been monitored from 
November 2000, with monitoring continuing up to March 
2002. The two subjects live in the city of Mizusawa in Japan. 
Both subjects signed consent forms, and the study was 
approved by the local ethics committee. 

During the experiments, each data set obtained was 
checked daily by a nurse or a medical doctor. If they found a 
problem, then they would make a telephone call to the subject, 
and ask about her health status. 



111. RESULTS AND DISCUSSION 

Dressing room [; 
Lavatory [ ; 

3 

Bedroom [ 3 
Sunroom [; 

Data were collected automatically during the experiment, 
and the data transfer process was deemed successful. During 
the long-term monitoring (in total, over a year), the system 
sometimes experienced troubles. However, we were able to 
fix these, and so demonstrate the robustness of the system. 

Figure 1 shows an example of the data obtained during one 
day from the house of subject A. From Fig. 1, it is easy to see 
that some regular daily behaviors can be observed from the 
sensor outputs. Information on several daily behaviors, such 
as the number of door openings, the length of sleep, absences 
from the house, the use of a cooking stove, and the time spent 
watching television were clearly identifiable using either a 
single sensor output, or by combining several sensor outputs. 
By examination of the data, some daily behaviors, such as 
worship (in the rituals of Japanese Buddhism) and the care of 
planters could be estimated. In the house of subject A, an 
infrared sensor was installed to detect the presence of humans 
in front of the Buddhist altar in the house. In Fig. 1, the output 
of “Bedroom 1” shows the presence of a human in front of the 
altar. These outputs are from daily devotions. In Japan, it is 
especially common for the elderly to worship daily. 
Moreover, we can estimate the care taken of planters from the 
data. In the house of subject A, there were several planters at 
the entrance (inside the house), and subject A took care of 
these planters. In Fig. 1, the outputs of the “Entrance 1” 
sensor show the opening of the main door, and the “Entrance 
2” sensor shows the subject passing the corridor to the 
entrance. If there was output of the “Entrance 1” sensor along 
with the “Entrance 2” sensor, then it was thought that either 
someone had entered the house through the main door, or that 
someone had amved and the subject went to the entrance to 
open the main door. On the other hand, if there was only an 
output from the “Entrance 2” sensor, then the main door had 
not opened. We ascribe this latter output to show the tending 
of the planters that were at the entrance. 

We observed that the pattern of the sensor output was 
similar day after day. However, sometimes we observed an 
unusual pattern. In this case, we telephoned the subject, and 
sometimes the subject complained of health problems. Then, 
we recommended that she should see a doctor. 

- 

. I f _  .- . . . . . . . - . -. 
The Buddhist 

altar . . . .. --* . .... 

Living room2 [ f  ; 

We think that such behavioral monitoring can contribute to 
the maintenance of health. 

c 
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IV. CONCLUSIONS 

Several simple sensors were selected and a remote data 
acquisition system was designed for monitoring the daily 
behavior in an ordinary house. The system contained several 
sensors, a domestic wired network, and a data transfer system 
via the Internet using CATV. The concept of remotely 
monitoring daily behavior in an ordinary house was evaluated 
practically using an experiment involving the two domestic 
houses of elderly ladies. Data originating from their daily 
behaviors were obtained fully automatically from a remote 
location. Some daily behavior patterns could be recognized 
from the data. Such monitoring can contribute to the 
maintenance of the health of both elderly and younger people. 
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Purpose
This document details the communications protocol between the Plogg Manager and Plogg. It 
is written to enable third party developers to write their own applications in place of Plogg 
Manager. 

The Plogg firmware is based on code supplied by Teridian and detailed in their software users 
guide SUG_71M651X V2-4 08-11-2006.pdf.

 This document does not cover legacy commands that do not use the binary protocol (such as 
calibration) other than to show which commands remain supported. For more details on these 
commands see the Teridian software users’ guide (SUG). 

The Plogg

The Energy Optimisers Plogg, is a single-phase, appliance level energy meter and comes in 
two wireless versions, Bluetooth and Zigbee. The Plogg consists of an energy metering 
microprocessor (Teridian 6511), which communicates with a radio module. By changing the 
radio module, the Plogg can communicate with different types of target. For instance, 
Bluetooth allows communication via mobile devices such as PDAs and phones, whilst Zigbee 
allows mesh-networking ie communication with other Ploggs and Ethernet connectivity.

Communication between the Plogg and Plogg 
Manager 

The Plogg uses a Teridian 6511 as host processor in order to meter electricity usage and to 
control communications. The communications can be over Zigbee, Bluetooth or a serial port. 
The first iteration of Plogg firmware (Versions 1.x) used an ASCII format for data sent by the 
Plogg. This had the advantage that any terminal emulator could interpret the data being 
received from the Plogg and present the data in a readable format. 

As a consequence of ASCII the data rate is low, particularly when using Zigbee and results in 
low download times of logged data, in particular, where large mesh networks are installed.

To resolve this and other issues, V2.x of Plogg firmware uses a binary protocol to transmit 
upstream data to the host PC. This is much more efficient and greatly reduces the download 
times of logs. The disadvantage is that it is hard to interpret the data using a terminal 
emulator, though not impossible if the data is viewed as hex. 

Downstream commands to the Plogg remain as ASCII commands, as these are all of a size 
that would fit into a single Zigbee UCAST payload, so no efficiency improvement would result 
from switching to binary in this direction.

Some ASCII responses remain for little used commands, such as calibration, where again a 
binary protocol would not improve efficiency.
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Format of Commands and Responses

This section details the format of commands that can be sent to the Plogg and the responses 
that will be returned.

Some of the legacy commands are detailed in the Teridian 6511 software users guide 
SUG_71M651X V2-4 08-11-2006.pdf.

Command families
Command Purpose Further details - 
/xxx Comment - ignore No response
]xxx CE data access See Teridian SUG
)xxx MPU data access See Teridian SUG
Cxxx Compute Engine commands See Teridian SUG
Ixxx Informational messages Unsupported
Sx Meter setup and configuration 

– ASCII data returned
Unsupported in V2.x of Plogg 
firmware.

Yx Meter setup and configuration 
– binary responses

See table xxx below

Rx Real time clock controls See table xxx below
Tx Trim commands See Teridian SUG
W Performs soft reset of 6511 Returns “OK”
Z Zigbee setup See table xxx below
V Returns data about device See table xxx below
~ Not supported Unsupported
? Help commands Unsupported

Binary Response Format 

Bluetooth

When using a Bluetooth connection the data send and received over the link contains 
no padding or other commands, the data is the raw data over the virtual connection.
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ZigBee

When using a Zigbee connection the binary data will be wrapped around AT commands, for 
instance:

AT+UCASTB:LL,<Zigbee ID><carriage return><payload>

Where LL is the binary payload length, and the payload is the binary data.

Payload
The binary payload consists of

<tag><length of binary data packet><data packet>

The “tag” is a byte, which increments for each UCASTB sent, allowing the parser to check 
that no data has been lost and to keep all responses in the correct order.

The “length of binary data packet” is also a byte of value 1-64 (dec)

The data packet varies in format depending on the command, but always consists of value 
codes (byte),followed by the value of the data type indicated by the value code. So a typical 
packet might consist of

<value code><dword><value code><dword><value code><byte> etc. 

The size of the data after each value code is fixed by the value code so for instance 
informational messages are always a single byte, whilst voltage is a dword (4 bytes). 

Example code for parsing the AT command 
Sending commands

A state machine that sends a command and checks for a response such as:

if(m_bluetooth)
g_bluetoothControl->BTSendSerial(str);

else
g_zigbeeControl->SendCommand(str);

// 5 second response timeout
passed = HandleResponse(m_response, 5000);

.. back to check for any more commands to send
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Handling Responses

BOOL BinaryCommandHandler::HandleResponse(DWORD timeout)
{
  BOOL result = TRUE;
  BYTE tag=0, len=0, code=0;
  DWORD data;

  // Get tag
  result = GetChar(timeout, &tag);
  if (!result)
  {
    OutputDebugString(L"#Handle Response Error");
    return FALSE;
  }

  // get length of packet
  result = GetChar(timeout, &len);
  if (!result)
  {
    OutputDebugString(L"#Handle Response Error");
    return FALSE;
  }

  // get code to indicate the binary packet
  result = GetChar(timeout, &code);
  if (!result)
  {
    OutputDebugString(L"#Handle Response Error");
    return FALSE;
  }
  len--;

  switch (code)
  {

     // Tag 50
  case TAG_LiveInfo:      <- state machine to check 

for all TAGS
  {

// Read live values now...
//
while(len>=4)
{

// get next value
©2009 Energy Optimizers Limited Plogg Binary Protocol

6



Energy Optimizers Plogg Binary Protocol 7/

result = GetDWORD(timeout, &data);

len-=4;
..
..

These value TAG codes are listed below

Value codes

The following command sections give details of what is within the data packets. 

The data types are
U08 = unsigned byte
U16 = unsigned word (2 bytes)
U32 = unsigned dword (4 bytes)
Char[32] = array of chars

Code Data type Meaning
0 U32 Time entry              
1 S32 Watts (-Gen +Con)       

2 U32
Cumulative Watts 
(Gen)  

3 U32
Cumulative Watts 
(Con)  

4 U32 Frequency               
5 U32 RMS Voltage             
6 U32 RMS Current             
8 U32 Plogg on time           

9 S32
Reactive Power (-G/
+C)  

10 U32
Acc Reactive Pwr 
(Gen)  

11 U32
Acc Reactive Pwr 
(Con)  

12 U32 Phase Angle (V/I)       
13 U32 Equipment on time       
14 U32 maxRMSVoltage;
15 U32 maxRMSVoltageTime;
16 U32 maxRMSCurrent;
17 U32 maxRMSCurrentTime;
18 U32 maxRMSWattage;
19 U32 maxRMSWattageTime;
20 U08 report
21 U16 timerOnTime[0]
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22 U16 timerOnTime[1]
23 U16 timerOnTime[2]
24 U16 timerOnTime[3]
25 U16 timerOffTime[0]
26 U16 timerOffTime[1]
27 U16 timerOffTime[2]
28 U16 timerOffTime[3]
29 U08 timerEnabled
30 U08 zigbeeSetup
31 U16 tariffOnTime[0]
32 U16 tariffOffTime[0]
33 U16 costPerKwHGroup
34 U32 Timers
35 U32 dwLoggingInterval

36
See YT 
command Tariff information

37 char[32] Friendly name
38 Number of log entries
39 U16 Max log entries
40 U32 Tarrif 0 cost
41 U32 Tarrif 1 cost
42 U16 tariffOnTime[1]
43 U16 tariffOffTime[1]
44 unused unused
45 U32 rtc time(sec,min,hour)
46 U32 kWh for Tariff 0
47 U32 kWh for Tariff 1
48 U32 rtc time(date)
49 U32 Current Log values

50
See YV 
command Live info

51
See V 
command sw version

52
See YD 
command Logs

53 U32 PANID

Report Codes
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Report codes follow a value code of 20 (dec). They are a single byte which represents a 
string, as shown below.  Such reports can be returned in many binary functions to show 
errors or other non-standard conditions. 

Code Meaning
0 Reserved
1 Reserved
2 Reserved
3 Reserved
4 Reserved
5 Reserved
6 Reserved
7 Reserved
8 Reserved
9 Reserved

10 Highest RMS voltage was 
11 No highest voltage was recorded
12 No highest current was recorded
13 No highest wattage was recorded
14 Printing logged values...
15 Log contains no entries
16 Live Meter results are:
17 Invalid Time specified
18 Error number out of range! (1-65535 minutes)
19 Costs:
20 Resetting accumulated costs
21 Resetting max voltages/current/wattage values
22 Clearing old log values
23 Current Log values

24
Clearing old log values as logging values have 
changed!

25 Invalid Time specified
26 Timer group must be in the range of 0-3

27
Enter <timer group 0-3> <on time HHMM> <off time 
HHMM>

28 Timers are enabled
29 Timers are disabled
30 (valid now)
31 Timers are currently enabled
32 Timers are currently disabled
33 Configuring Node as a coordinator (please wait)
34 Configuring Node as a router (please wait)
35 Unsupported in this version
36 Kwh and KVar reset!
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Y<?> commands
The Y<?> (the ? is replaced by a value such as YV, YX, YC etc), commands represent the 
majority of commands that return binary data. 

The sections below list the returned data, however the user must be aware that report codes 
(prefixed by a value code of 20 decimal) may be returned for each function, as well as the 
standard returned data detailed in the section.

YV – Print live info

This command returns current values of metered data.

Order Data Length 
(bytes)

Notes

1 Value code 1 50
2 Time 4 Format (in bits MSB shown on left), :

    Year | Month | Day | Hour | Min | 
Sec
       6           4        5        5        6      6

 Note year is only valid from 2000 -> 
2063

3 Watts (-Gen +Con) 4

4
Cumulative Watts 
(Gen)  4

5
Cumulative Watts 
(Con)  4

6 Frequency               4
7 RMS Voltage 4
8 RMS Current 4
9 Plogg on time 4 32 bit value where LSB = 10ms

10
Reactive Power (-G/
+C)  4

11
Acc Reactive Pwr 
(Gen)  4

12
Acc Reactive Pwr 
(Con)  4

13 Phase Angle (V/I) 4
14 Equipment on time 4 32 bit value where LSB = 10ms

Example parsing code:

      // get next code
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      result = GetChar(timeout, &code);
      len--;
      
      if (!result || code != TAG_LiveInfo)
        return FALSE;

      TagCode tag = TAG_TimeEntry;

      // we need 5 bytes per entry
      while(len>=4)
      {
        // get next value
        result = GetDWORD(timeout, &data);
        len-=4;

        if (!result)
          return FALSE;

        switch(tag)
        {
          case TAG_TimeEntry: // time entry
            sv_time = FormatLogValue(VAL_TIME, data);
            break;
          case TAG_Watts: // Watts
            sv_watts = FormatLogValue(VAL_WATTS, data);
            break;
          case TAG_CumWattsGen: // Cum Watts (Gen)
            sv_watts_gen = FormatLogValue(VAL_KWATTS, data);
            break;
          case TAG_CumWattsCon: // Cum Watts (Con)
            sv_watts_con = FormatLogValue(VAL_KWATTS, data);
            break;
          case TAG_Freq: // Freq
            sv_freq = FormatLogValue(VAL_FREQ, data);
            break;
          case TAG_RMSVolt: // RMS Volt
            sv_RMSVoltage = FormatLogValue(VAL_VOLT, data);
            break;
          case TAG_RMSCur: // RMS Current
            sv_RMSCurrent = FormatLogValue(VAL_CURRENT, data);
            break;
          case TAG_PloggOnTime: // Plogg on time
            sv_Ploggontime = FormatLogValue(VAL_ONTIME, data);
            break;
          case TAG_ReactivePower: // Reactive Power
            sv_ReactivePower = FormatLogValue(VAL_REACTIVE, data);
            break;
          case TAG_AccReactivePowerGen: // Acc Reactive Power (Gen)
            sv_AccReactivePwrGen = FormatLogValue(VAL_CUMREACTIVE, data);
            break;
          case TAG_AccReactivePowerCon: // Acc Reactive Power (Con)
            sv_AccReactivePwrCon = FormatLogValue(VAL_CUMREACTIVE, data);
            break;
          case TAG_PhaseAngle: // Phase Angle
            sv_PhaseAngle = FormatLogValue(VAL_PHASE, data);
            break;
          case TAG_EquipOnTime: // Equipment on time
            sv_Equipmentontime = FormatLogValue(VAL_ONTIME, data);
            break;
          default:
            result = FALSE;
            return FALSE;
        }

        // goto next tag
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        tag=(TagCode) ((int)tag+1);
      }

YS – Tariff costs

This command allows setting and reading of tariffs.

This command set the tariff cost for tariffs 0 and 1, without any parameters the current 
settings are printed.

ys <tariff 0/1> <cost in pence per Kwh>

Returned data :

Order Data Length (bytes) Notes
1 Value code 1 40
2 Cost for kWHr group 

0
4

3 Cost for kWHr group 
0

4

Example code:

      // get next string
      result = GetChar(timeout, &code);
      len--;

      int i=0;

      if (result && code == TAG_TarrifCost)
      {
        for(int i=0;i<2;i++)
        {
          // get next DWORD
          result = GetDWORD(timeout, &data);
          len-=4;

          if (!result)
            return FALSE;
          if (i==0)
            ss_tariff0.Format(L"%d.%d pence/Kwh", data/10, data % 10);
          else
            ss_tariff1.Format(L"%d.%d pence/Kwh", data/10, data % 10);
        }
      }

YT – tariff times

This command sets when the tariff time for tariff 0 is valid, when this tariff is not valid tariff 1 is 
assumed. 
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When no parameters are given the current settings, current time and currently tariff zone are 
printed.

yt <start time for tariff 0>-<end time for tarrif 0>

For reads, the data is returned in the following format. 

Order Data Length (bytes) Notes
1 Value code 1
2 Tariff on time 4 Time format
3 Tariff off time 4 Time format
4 Tariff zone 4

Example parsing code:
result = GetChar(timeout, &code);

      len--;

      if (result && code == TAG_TarrifInfo && len == 12)
      {
        DWORD start,end;

        // get next DWORD
        result = GetDWORD(timeout, &start);
        len-=4;

        if (!result)
          return FALSE;
        
        // get next DWORD
        result = GetDWORD(timeout, &end);
        len-=4;

        if (!result)
          return FALSE;

        //st_tariff0 = L"Tariff 0 from ";
        st_tariff0 = L"";
        Print_Number(st_tariff0, start, 4, 0,1);
        st_tariff0 += L"-";
        Print_Number(st_tariff0, end, 4, 0,1);

        // get next DWORD
        result = GetDWORD(timeout, &data);
        len-=4;

        st_currentTariff = data;
      }      

YI – Data logging interval

This command sets the time between logging events. This time is specified in minutes, when 
no parameters are specified the current settings are printed.
Logging interval is set in minutes from 1 minute up to 45 days (65535 minutes)
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Note that if the logging interval is changes all currently stored logs are erased.

yi <logging interval in minutes>

For reads, the data is returned in the following format. 

Order Data Length (bytes) Notes
1 Value code 1 35
2 Logging interval 4 In minutes

Example code:

        // get next code
        result = GetChar(timeout, &code);
        len--;
        
        if (!result)
          return FALSE;

        if (code == TAG_dwLoggingInterval)   // logging interval
        {
          // get next value
          result = GetDWORD(timeout, &data);
          len-=4;

          // convert to string
          si_interval.Format(L"%d Minutes", data);
      result = TRUE;
        }
        else
        {
          // error
          return FALSE;
        }

YC – print cumulative costs of tariff
This command prints and optionally resets the accumulative costs.

yc <1=reset>

Order Data Length (bytes) Notes
1 Value code 1 46
2 KWhr for tariff 0 4
3 KWhr for tariff 0 4
4 Tariff cost [0] 4
5 Tariff cost [1] 4

Example code:
      // get next code
      result = GetChar(timeout, &code);
      len--;
    
      if (!result || code != TAG_kWhForTariffs)
          return FALSE;
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      int tariff = 0;

      for(int i=0;i<4 && len >= 4;i++)
      {
         // get next string
        result = GetDWORD(timeout, &data);
        len-=4;

        if (!result)
          return FALSE;
      
        switch(i)
        {
          case 0:
            sc_tariff0 = FormatLogValue(VAL_KWATTS,data);
          break;

          case 1:
            sc_tariff0 += L", Cost ";
            Print_Number(sc_tariff0, data, 8, 2,0);
            break;

          case 2:
            sc_tariff1 = FormatLogValue(VAL_KWATTS, data);
            break;

          case 3:
            sc_tariff1 += L", Cost ";
            Print_Number(sc_tariff1, data, 8, 2,0);
            break;

          default:
            break;
        }
      }
    }
    

YR – Reset accumulators
This command resets KW/KVar Accumulators to zero.

yr
Returned data
Order Data Length (bytes) Notes
1 Value code 1 36

Example code:
// get next code

      result = GetChar(timeout, &code);
      len--;
        
      // report with more data left?
      if (len == 4 && code == TAG_Report)
      {
        // get next value
        result = GetDWORD(timeout, &data);
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        len-=4;

        if (data != TAG_REPORT_KwhAndKVarReset)
        {
          result = FALSE;
        }
      }
      else
        result = FALSE;

YM – Print max values

This command prints out max values for:
RMS Voltage
RMS Current
Wattage

Along with a time entry for each, if any are unavailable (i.e. there hasn’t been any reported 
values yet) then this information is reported. 

ym <1=reset>
Returned data

Order Data Length (bytes) Notes
1 Value code 1 14
2 Max RMS voltage 4
3 Max RMS Voltage 

Time
4

4 Max RMS Current 4
5 Max RMS Current 

Time
4

6 Max RMS Wattage 4
7 Max RMS Wattage 

Time
4

Example code
DWORD maxV, maxA, maxW;

      DWORD maxVTime, maxATime, maxWTime;

      // report with more data left?
      while(len >= 5 && result)
      {
        // get next string
        result = GetChar(timeout, &code);
        len--;
      
        // get next value
        result = GetDWORD(timeout, &data);
        len-=4;

        switch (code)
        {
          case TAG_MaxRMSVoltage:
          {
            maxV = data;
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            break;
          }
          case TAG_MaxRMSVoltageTime:
          {
            maxVTime = data;
            break;
          }
          case TAG_MaxRMSCurrent:
          {
            maxA = data;
            break;
          }
          case TAG_MaxRMSCurrentTime:
          {
            maxATime = data;
            break;
          }
          case TAG_MaxRMSWattage:
          {
            maxW = data;
            break;
          }
          case TAG_MaxRMSWattageTime:
          {
            maxWTime = data;
            break;
          }
          default:
          {
            break;
          }
        }
      }

      if (maxV == 0 || maxVTime == 0)
      {
        sm_max1 = "No highest voltage was recorded";
      }
      else
      {
        sm_max1 = FormatLogValue(VAL_VOLT, maxV);
        sm_max1 += L"at ";
        sm_max1 += FormatLogValue(VAL_TIME, maxVTime);

}

      if (maxA == 0 || maxATime == 0)
      {
        sm_max2 = "No highest current was recorded";
      }
      else
      {
        sm_max2 = FormatLogValue(VAL_CURRENT, maxA);

  sm_max2 += L"at ";
        sm_max2 += FormatLogValue(VAL_TIME, maxATime);
      }

      if (maxW == 0 || maxWTime == 0)
      {
        sm_max3 = "No highest wattage was recorded";
      }
      else
      {
        sm_max3 = FormatLogValue(VAL_WATTS, maxW);
        sm_max3 += L"at ";
        sm_max3 += FormatLogValue(VAL_TIME, maxWTime);
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}
    }

  

YD – print logged values

Prints out all logged data. This data is split across as many UCASTBs as required. 
This command prints and optionally resets all logged values.

yd <1=reset>

Order Data Length 
(bytes)

Notes

1 Value code 1 52
2 Valid values field 4 Each bit represents a type of logged 

data and indicates if the data has been 
logged. 
1 = logged and 0 = not logged 
This can be used to determine what the 
following data represents. 

3 Logged values 4 Number of logs recorded
4 First logged value 4
5 Second logged 

value
4

6 Etc. Until end of 
data

4

Valid value bit field definition
Bit Data
0 Time Entry  as date format from the RTC, support is from 2000 to 2063
1 Last seconds wattage usage (-Generated / +Consumed)
2 Cumulative wattage usage generated (since user reset or unit initialisation)
3  Cumulative wattage usage consumed (since user reset or unit initialisation)
4  Frequency (hz) of last seconds monitored value
5 RMS voltage of last seconds monitored value
6  RMS current of last seconds monitored value
7  Plogg on time (will wrap at 497 days) shown in seconds since CPU reset
8 Reactive power of last seconds monitored value (-Generated / +Consumed)
9 Cumulative reactive power Generated (since user reset or unit initialisation)
10 Cumulative reactive power Consumed (since user reset or unit initialisation)
11  Phase angle V/I in degrees of last seconds monitored value
12  Equipment on time (will wrap at 497 days), this is the amount of time the 

plugged 
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YX – delete logged values

Delete old log entries without printing,

Yx
Example code:

// get next code
      result = GetChar(timeout, &code);
      len--;
        
      // report with more data left?
      if (len == 4 && code == TAG_Report)
      {
        // get next value
        result = GetDWORD(timeout, &data);
        len-=4;

        if (data != TAG_REPORT_ClearingOldLLogValues)
        {
          result = FALSE;
        }
      }
      else
        result = FALSE;

YL – Select logging values
Select and read back which values to log
Use this command to select items to be logged, available items are:

0 – Time Entry  as date format from the RTC, support is from 2000 to 2063
1 – Last seconds wattage usage (-Generated / +Consumed)
2 – Cumulative wattage usage generated (since user reset or unit initialisation)
3 – Cumulative wattage usage consumed (since user reset or unit initialisation)
4 – Frequency (hz) of last seconds monitored value
5 – RMS voltage of last seconds monitored value
6 – RMS current of last seconds monitored value
7 – Plogg on time (will wrap at 497 days) shown in seconds since CPU reset
8 – Reactive power of last seconds monitored value (-Generated / 

+Consumed)
9 – Cumulative reactive power Generated (since user reset or unit 

initialisation)
A – Cumulative reactive power Consumed (since user reset or unit 

initialisation)
B – Phase angle V/I in degrees of last seconds monitored value
C – Equipment on time (will wrap at 497 days), this is the amount of time the 

plugged in equipment has been consuming power.

Run this command without any parameters to print out the items currently being logged.

yln <list of items to be logged 0-9,a-c>
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Each log entry is 32 bits in size, therefore reducing the number of logging values will increase 
the number of log entries that can be created.
Log entries are wrapped currently when no free space is available for logging; this means old 
values will be lost to store new data.
Changing the values that are stored in each log (i.e. adding frequency) will erase all old log 
values.

For reads, the data is returned in the following format. 

Order Data Length (bytes) Notes
1 Value code 1 23
2 Logging interval 4 Valid values field

Example code:

      // report with more data left?
      if(len > 4 && result)
      {
        // get next string
        result = GetChar(timeout, &code);
        len--;
      
        if (!result)
            return FALSE;

        if (code == TAG_CurrentLogValues)
        {
          // get next value
          result = GetDWORD(timeout, &data);
          len-=4;
        
          if (!result)
              return FALSE;

          // first clear all old values
          sl_Timeentry = L"Off";
          sl_Watts = L"Off";
          sl_CumulativeWattsGen = L"Off";
          sl_CumulativeWattsCon = L"Off";
          sl_Frequency = L"Off";
          sl_RMSVoltage = L"Off";
          sl_RMSCurrent = L"Off";
          sl_Ploggontime = L"Off";
          sl_ReactivePower = L"Off";
          sl_AccReactivePwrGen = L"Off";
          sl_AccReactivePwrCon = L"Off";
          sl_PhaseAngle = L"Off";
          sl_Equipmentontime = L"Off";

          for(int i=0;i<32;i++)
          {
            if ((data & (1<<i)) != 0)
            {

          switch(i)
              {
                 case 0:
                 sl_Timeentry = L"On";
                 break;
                 case 1:
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                 sl_Watts = L"On";
                 break;
                 case 2:
                 sl_CumulativeWattsGen = L"On";
                 break;
                 case 3:
                 sl_CumulativeWattsCon = L"On";
                 break;
                 case 4:
                 sl_Frequency = L"On";
                 break;
                 case 5:
                 sl_RMSVoltage = L"On";
                 break;
                 case 6:
                 sl_RMSCurrent = L"On";
                 break;
                 case 7:
                 sl_Ploggontime = L"On";
                 break;
                 case 8:
                 sl_ReactivePower = L"On";
                 break;
                 case 9:
                 sl_AccReactivePwrGen = L"On";
                 break;
                 case 10:
                 sl_AccReactivePwrCon = L"On";
                 break;
                 case 11:
                 sl_PhaseAngle = L"On";
                 break;
                 case 12:
                 sl_Equipmentontime = L"On";
                 break;
                 default:
                   break;
              }
            }
          }
        }
        else
        {
          result = FALSE;
        }
      }

YO – on/off times

This command set the times for the 4 AC ON/OFF timers in the system.  Each timer has an 
on and an off time, these can be wrapped around midnight (i.e. 23:00 -> 02:00).

Timers can be globally disabled; in this case the AC power will be continuously on (see the 
‘se’ command)
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If the timers are enabled and there are valid timer values (i.e. at least one time is not set to 
00:00 to 00:00) then the system will turn on the AC power when the RTC is within any of the 
timers (0-3) that are found, if the RTC lies outside of all the timers the AC power will be turned 
off.

Timers can overlap, i.e. timer 0 – 12:30 -> 18:00, timer 1 – 16:00 -> 20:00, this will result in 
the AC power being on between 12:30 and 20:00

Without any parameters the times are printed out along with information detailing if the timers 
are enabled or not and if any of the timer zones are on:

yo <timer 0-3> <time on>-<time off>

For reads, the data is returned in the following format. 

Order Data Length 
(bytes)

Notes

1 Value code 1 34
2 Timer enabled ? 1 1 = enabled, 0 = 

disabled
3 Timer 0 on time 2
3 Timer 0 on time 2
4 Timer 1 on time 2
3 Timer 1 on time 2
4 Timer 2 on time 2
3 Timer 2 on time 2
4 Timer 3 on time 2
4 Timer 3 on time 2

Example code:
// get next code

      result = GetChar(timeout, &code);
      len--;

      if (!result && len > 0)
        return FALSE;

      BYTE timers;
      result = GetChar(timeout, &timers);
      len--;

      if (!result  && len > 0)
        return FALSE;

      // enabled or disabled
      if (timers == 1)
        se_timers = L"Timers are enabled";
      else
        se_timers = L"Timers are disabled";

      // go through and read off all the data
      if (len == 16 && code == TAG_LoggingTime)
      {
        WORD start,end;
        CString time;
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        for(int i=0;i<4;i++)
        {
          // get next start time
          result = GetWORD(timeout, &start);
          len-=2;

          if (!result  && len >= 4)
            return FALSE;

          // get next end time
          result = GetWORD(timeout, &end);
          len-=2;

          if (!result)
            return FALSE;

          time=L"";
          Print_Number(time, start, 4, 0,1);
          time+=L"-";
          Print_Number(time, end, 4, 0,1);
          
          switch(i)
          {
            case 0:
              so_timer0 = time;
            break;
            case 1:
              so_timer1 = time;
            break;
            case 2:
              so_timer2 = time;
            break;
            case 3:
              so_timer3 = time;
            break;
            default:
              result = FALSE;
          }
        }
      }
    }

YE – print timer info
This command globally enabled or disabled the AC timers (0-3)

ye 0/1

Reports if timers enabled or disabled in standard binary message format
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Example code:
// get next code

      result = GetChar(timeout, &code);
      len--;
        
      // report with more data left?
      if (len == 4 && code == TAG_Report)
      {
        // get next value
        result = GetDWORD(timeout, &data);
        len-=4;

        // convert to string
        if (result && data == TAG_REPORT_TimersAreCurrentlyDisabled)
        {
          se_timers = "Disabled";
        }
        else if (result && data == TAG_REPORT_TimersAreCurrentlyEnabled)
        {
          se_timers = "Enabled";
        }
        else 
        {
          // error
          ASSERT(FALSE);
        }
      }
    }

YN – Device name

This command sets the device name, this can be used to easily identify the device, it can 
contain up to 31 characters

To prints the  current name:
yn 

To set the name
yn Server Room 1  

Returned data : 

Order Data Length (bytes) Notes
1 Value code 1 37
2 Friendly name Dependent on length, zero 

terminated

Example code:
      // get next code
      result = GetChar(timeout, &code);
      len--;
        
      // report with more data left?
      if (len > 0 && code == TAG_FriendlyName)
      {
        // friendly name returned...
      }
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      else
        result = FALSE;

Rx commands
Set the RTC date (RTD)

This command sets the RTD date:

rtd<year 00-99>.<month 1-13>.<day 1-31>

Set the RTC time (RTT)
This command sets the RTC time:

rtt<hour>.<minute>.<second>

Zx commands

ZC – Set as coordinator
Sets Zigbee module to be a coordinator.

ZR – Set as router
Sets Zigbee module to be a router (default).

ZN – Set network ID
This command sets the PAN ID:

zn<PANID>

Returned data : 

Order Data Length (bytes) Notes
1 Value code 1 53
2 PAN ID 4 Top 2 bytes are unused

ZH – Set channel number
This is unsupported as Zigbee channels are now automatically set.

V command
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Order Data Length (bytes) Notes
1 Value code 1 51
2 Friendly name Variable – zero 

terminated
3 Build resistors 1
4 Zigbee status 1 1 = Zigbee, 0 = not 

Zigbee
5 Network setup status 2 PAN ID
6 Zigbee echo status 1 1 = Zigbee echoed on 

serial port, 0 = not 
echoed.

7 Tick count 4 Tick count value. Can 
be used to assess how 
long device has been 
running. 

Example code:

char tempStr[256];
      int tempIndex=0;

      int stringIndex = 0;

// go through all entries
      if(len>3)
      {
        // get next string
        result = GetChar(timeout, &code);
        len--;
        
        if (!result)
          return FALSE;

        if (code == TAG_SWVersion)
        {
          // version number
          BYTE versionMajor, versionMinor;
          // buildresistors
          BYTE buildResistors;
          BYTE zigbeeSetup, zigbeeAttached;
          WORD zigbeeNetwork;
          BYTE echoOn;
          DWORD tickCount;
        
          result = GetChar(timeout, &versionMajor);
          len--;
          
          if (!result)
            return FALSE;

          result = GetChar(timeout, &versionMinor);
          len--;

          if (!result)
             return FALSE;
        
          // format the version number
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          v_version.Format(L"%d.%.2d", versionMajor,versionMinor);

          BOOL readOk = FALSE;
          // read the friendly name string
          while(result && len>0)
          {
            result = GetChar(timeout, (BYTE*) &tempStr[tempIndex]);
            len--;

            // increment the counter
            if (result)
            {
              tempIndex++;

              // finished?
              if (tempStr[tempIndex-1] == 0)
              {
                readOk = TRUE;
                break;
              }
            }
          }
          
          // failed? clear the string
          if (!readOk || len == 0)
          {
            tempStr[0] = 0;
            return FALSE;
          }
          else
            v_name = tempStr;

          // get build resistors
          if (len > 1)
          {
            result = GetChar(timeout, &buildResistors);
            len--;
          }
          
          if (!result || len == 0)
            return FALSE;

          // get zigbeeAttached
          result = GetChar(timeout, &zigbeeAttached);
          len--;

          if (!result || len == 0)
            return FALSE;

          // get zigbeeSetup
          result = GetChar(timeout, &zigbeeSetup);
          len--;
          
          if (!result || len < 4)
            return FALSE;

          // get zigbee network
          result = GetWORD(timeout, &zigbeeNetwork);
          len-=2;
          
          if (!result || len == 0)
            return FALSE;

          // get echoOn
          result = GetChar(timeout, &echoOn);
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          len--;
          
          if (!result || len < 4)
            return FALSE;

          // get tickCount
          result = GetDWORD(timeout, &tickCount);
          len-=4;
          
          if (!result)
            return FALSE;

          if (!zigbeeAttached)
            v_btEnabled = TRUE;
          else
          {
            v_btEnabled = FALSE;

            // router or corrdinator?
            v_zigRouter = !zigbeeSetup; 
          }
        }
        else
        {
            result = FALSE; 
        }
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1 Introduction 
This document describes the AT-Command interface of the ETRX1 and ETRX2, IEEE 802.15.4 
wireless meshing modules.  

The Telegesis ETRX1 and ETRX2 modules have been designed to be built into any device and 
provide a low cost, low power IEEE802.15.4 wireless mesh networking solution based on the 
EmberZNet2.xx meshing stack.  Integration into a wide range of applications is made easy using a 
simple AT-style software interface and advanced hardware design. 

No RF experience or expertise is required to add this powerful wireless networking capability to 
your products.  The ETRX1 and ETRX2 offer fast integration opportunities and the shortest 
possible time to market for your product. 

 

1.1 Document Overview 

This document is meant as an AT-Command and S-Register reference for R2xx revisions of the 
firmware based on EmberZNet2.x.  In order to learn how your products can profit from wireless 
mesh networking please also refer to the following documents: 

- ETRX1 or ETRX2 Product Manual 

- ETRX1 or ETRX2 Development Kit User Guide 

- ETRX1 or ETRX2 R2xx Firmware User Guide 

The ETRXn Product Manuals concentrate on the hardware specification of the respective modules.  
The Development Kit User Guide contains all of the information required to set up your 
development kit and run firmware upgrades where necessary.  The Firmware User Guide gives 
you an overview of how to use the ETRXn wireless meshing modules. 

For a command overview of the R1xx series of firmware based on EmberNet3.x please refer to the 
R1xx AT-Command Dictionary and Application Notes.  Please note that R1xx series firmware and 
R2xx series firmware are not over-the-air compatible.  
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1.2 A Note on ZigBee® Compliance (updated) 

The firmware revisions R2xx are based on the EmberZNet2.x mesh stack, which overcomes many 
of the limitations of the ZigBee® 2006 Home Controls profile, which is the only profile ratified by the 
ZigBee® Alliance at this time.  As a result, an end product containing an ETRX1 or ETRX2 based 
on firmware revisions R2xx cannot yet be certified to be tested for ZigBee® compliance. 

EmberNet 2.x already contains many of the features that are expected to find its way into the 
upcoming release of the ZigBee® specification. 

If you require your product to be tested for ZigBee® compliance, you can talk to us about supplying 
a custom version of our firmware tailored for this requirement, once you have become a member of 
the ZigBee® Alliance, which is a prerequisite for offering products with ZigBee® certification. 

The ETRX1 and ETRX2 run a private application profile, as the functionality of the module cannot 
be pressed into any of the existing application profiles (like lighting).  The profile ID used is 
0xC090. This also means that interoperation with 3rd party ZigBee® nodes is unlikely. 

Both Ember, as a promoting member, and Telegesis, as a participating member of the ZigBee® 
Alliance, are working to evolve the firmware with the ZigBee® standard and any future stack and 
application profiles to offer our customers the best wireless mesh networking solution. 

With the capability of in-field upgrading of firmware over the air, you will be able to react quickly 
and easily to changes in both the ZigBee® standard as well as your own requirements. 

 

1.3 Important notes 

The new Ember Bootloader which runs on the ETRX2 can be triggered using the command 
AT+BLOAD as described in Section 2, but it can also be triggered in hardware.  If the A/D2 pin is 
pulled low during the boot-up of the module, the module will also enter the bootloader, so exercise 
caution when doing hardware design and ensure that this pin is not grounded during start-up and 
reset.  If unused the pad can be left floating and a pull-up is not required. 

Important Note for the ETRX1: From Revision R1005 of the Ember bootloader it is possible to 
enter the bootloader by pulling I/O5 low after a reset or during bootup.  Make sure that I/O5 does 
not get pulled low externally to prevent entering the bootloader unintentionally! 
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2 AT Style Command Conventions 
To simplify the communication with the ETRXn modules, an AT-style command set, similar to the 
industry standard Hayes modem control language, is used. 

Each command must be preceded by the "AT" or "at" prefix.  To terminate a command enter 
<CR>.  Any data not following this pattern is either not accepted by the module or will cause an 
error message in response. 

Commands are followed by an optional response that includes <CR><LF><Response> and a 
prompt <CR><LF><Prompt><CR><LF> where the prompt could also be an error message.  
Example: 
 
ATS?<CR> 
<CR><LF>S00:FFFF 
<CR><LF>OK<CR><LF> 
It is recommended to wait for an “OK” or “ERROR:xx” prompt before issuing the next command.   

Any data which is prompted to the user is delivered in the format <CR><LF><prompt><CR><LF>.  
Unless disabled in S07 or S08 prompts may appear whenever the corresponding event occurs. 
Example: 
 
<CR><LF><BCAST:000D6F000005A666=test><CR><LF> 
A prompt intersecting a command being entered will not affect the command itself. 

Throughout this document, only the responses and prompts are presented, <CR><LF> are omitted 
intentionally.  Sequences of AT commands in a single line are not supported. 

The ETRXn features a 128-byte FIFO to buffer incoming characters which is sufficient to hold even 
the longest possible command.  To prevent a buffer overflow in channel mode XON/XOFF 
handshaking is used.  Optional hardware handshaking can be enabled as described in the register 
description of S0B in section 4.  

 
Read Command 

ATXXX? 
Commands ending with a ‘?’ return the currently set value of the 
parameter or parameters 
 

Write Command 
ATXXX=<…> 

This command sets user-definable parameters as indicated by 
the ‘=’ sign. 
 

Execution Command 
ATXXX 

This command executes routines of the module and returns 
parameters 
 

Table 1: Types of AT commands 
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2.1 Parameters 

Usually there are no optional parameter sets, so each parameter must be entered in the correct 
format. 

XX 8-bit hexadecimal number.  Valid characters are 0-9, a-f and A-
F 

N Number from 0-9 
S Sign 
B Bit (0 or 1) 
C character 
PPPP 16-bit hexadecimal PAN ID (0x0000 to 0x3FFF) 
CC decimal channel (802.15.4 channel 11-26) 
<EUI64> 64-bit IEEE802.15.4 address in hexadecimal  

Table 2: Different formats of parameters 
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2.2 Prompt Overview 

The following prompts can show up during the operation of the ETRX1 and ETRX2 modules.  Most 
of the prompts can be disabled using register S07 and S08. 

 

Prompt Overview 

JPAN: CC,PPPP The Node has joined a PAN on channel CC with 
PAN ID PPPP 

LeftPAN The node has left the PAN 
UCAST:<EUI64>=<data>[,<length>]    Reception of a Unicast 
BCAST:<EUI64>=<data>[,<length>]       Reception of a Broadcast 
RAW:<data> Reception of raw data 
SCAST:<EUI64>=<data>[,<length>]      Reception of a Scast (Data sent to the sink) 
ACK:nn Receipt for successful acknowledgement of a 

message 
NACK:nn Notification of missing acknowledgement 
CHAN:<EUI64> A request to open a channel 
OPEN A channel has been opened 
CLOSE A channel has been closed 
NEWNODE:<EUI64> A new node has joined the network  
SINK:<EUI64> A new sink was found and stored 
[REM]SED:<EUI64> A sleepy end device has been found 
[REM]MED:<EUI64> A mobile sleepy end device has been found 
[REM]FFD:<EUI64> A router has been found 
[REM]COO:<EUI64> A coordinator has been found 
COUNT:<EUI64>,XX,<ioread>,<A/D1>,<A/D2> Triggered by action 2000 (see section 5) 
NDATA:<EUI64>,XX,<ioread>,<A/D1>,<A/D2> Triggered by actions 0110 - 0113 (see section 5) 
SDATA:<EUI64>,<ioread>,<A/D1>,<A/D2> Triggered by actions 0100 - 0103 (see section 5) 
EVENT: <EUI64>,<S35>,XX, 
<ioread>,<A/D1>,<A/D2> 

Triggered by actions 0104 - 0107 (see section 5) 
XX is sequence number 

<plaintext> Message prompted on the sink (see section 5, 
functionality 0108 – 010B) 

Snn[x]:<data>:<EUI64> Remote S-Register reading 
NAK:<EUI64> A request to a remote node with EUI64 was not 

acknowledged. 
PWRCHANGE:nn Indicates a change of power mode caused by an 

action 
Table 3: Prompt Overview 
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2.3 Device Overview 

Table 4 gives an overview of the device types mentioned in this document and elsewhere. 

 

Device Types  Also known as 
COO Coordinator ZigBee Coordinator (ZC) 
FFD Router ZigBee Router 
SED Sleepy End Device 
MED Mobile Sleepy end Device 

ZigBee End Device (ZED) 

Table 4: Device Overview 

The terms Full Function device (FFD) and Reduced Function Device (RFD) are obsolete, but the 
abbreviations are retained in the R212X firmware to avoid problems with users’ legacy application 
software. 

Each coordinator or router can support up to eight Sleepy End Devices plus up to eight Mobile End 
Devices. 
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2.4 AT Command Overview 

The following table gives a quick reference of all commands available. 

 

Command Overview 

ATI Display product identification information 
ATZ Software reset 
AT&F Restore factory settings 
AT+BLOAD Enter the bootloader menu 
AT+CLONE Clone the local node’s firmware to a remote node  
AT+RECOVER Recover from a failed clone attempt (ETRX2 only) 
AT+PASSTHROUGH Enter pass-through bootloading mode (ETRX1 only) 
ATS S-Register access 
ATSALL Write all remote S-Registers 
AT+TOKDUMP Display all local S-registers 
ATSREM Remote S-register access 
AT+ESCAN Scan the energy of all channels 
AT+EN Establish PAN 
AT+JN Join next best network 
AT+PANSCAN Scan for active PANs 
AT+JPAN Join specific PAN 
AT+DASSL Disassociate local device from PAN 
AT+DASSR Disassociate remote device from PAN 
AT+NTABLE Show the neighbour table 
AT+N Display network parameters 
AT+CTABLE Display list of local children 
AT+PARENT Display Parent’s ID 
AT+POLL Poll Parent for data 
AT+SN Scan network for other nodes 
AT+REMSN Scan for remote device’s direct neighbours 
AT+LINKCHECK Check link parameters with a neighbour 
AT+PING Indicate presence in the network 
AT+BCAST Transmit a broadcast 
AT+BCASTB Transmit a broadcast of binary data 
AT+UCAST Transmit a unicast 
AT+UCASTB Transmit a unicast of binary data 
AT+SCAST Transmit data to the Sink 
AT+SCASTB Transmit binary data to the sink 
AT+SSINK Search for a sink 
AT+SINK Display the local Node’s sink 
AT+OPCHAN Opens a channel to a remote node 
+++ Close channel 
AT+OPLCHAN Opens a limited channel to a remote node 
AT+ACKCHAN Accept channel 
AT+RDATAB Send binary raw data 
AT+IDENT Play a tune on remote devboard 

Table 5: Command Overview 
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2.5 Module Control & Configuration Commands 
 
I  –  Display Product Identification Information 
Execute Command 
ATI 
 

Response 
Telegesis ZigBee 
Rnnn[X|A] 
<EUI64> 
OK 
 
Where nnn is the firmware revision and <EUI64> 
is the Device’s IEEE 802.15.4 identifier 
In addition to announcing itself as either an ETRX1 
or ETRX2 the firmware revision is also clearly 
marked to be for either the AVR platform of the 
ETRX1 (A prefix), or the XAP2B platform of the 
ETRX2 (X prefix). 

SW release  R208 - added ETRX1 and ETRX2 differentiator 
 
Z – Software Reset 
Execute Command 
ATZ 
 

Response 
Module Performs a software reset 
All non-volatile S Registers keep the user defined 
values, if the module was part of a PAN it will 
remain part of it. 
 

SW release  R200 
 
&F – Restore Factory Defaults 
Execute Command 
AT&F 
 

Response 
Module Performs a factory reset 
All non-volatile S Registers are updated with their 
factory defaults.  In order to leave the network as 
well use the AT+DASSL command after executing 
AT&F 
 

SW release  Modified in R206 
 
+BLOAD  –  Enter The Bootloader Menu 
Execute Command 
AT+BLOAD 
 

Response 
<entering bootloader> 
 
The device leaves the AT command line and 
enters the Ember bootloader menu for 
downloading new firmware. 
A description of the bootloading process can be 
found in the devkit manuals. 
Please note that the bootloader menu will run at a 
data rate of 38k4 (ETRX1) or 115k2 (ETRX2), no 
parity, 8 data bits regardless of the current data 
rate and the S0B register setting. 
 

SW release  R200 
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+PASSTHROUGH  –  Bootload Remote Node In Passthrough Mode (ETRX1 only) 
Execute Command 
AT+PASSTHROUGH:<EUI64>,cccccccc 
 
 
Note 
This command is available on the ETRX1 
only.  
The default password on both ETRX1 and 
ETRX2 is “TG-ETRX1”. 
 
 

Response 
Press Enter for BL menu… 
 
or 
 
ERROR<errorcode> 
 
Where <errorcode> represents the error code 
explained in section 3. 
Allows you to bootload a remote node which 
address is given by <EUI64> as described in the 
ETRX1 Devkit manual.  
cccccccc represents the remote nodes 8 character 
password.  After completion a soft reset is 
performed on the remote end. 

SW release  R200 
 
+CLONE  –  Clone Local Node To Remote Node  
Execute Command 
AT+CLONE:<EUI64>,cccccccc 
 
 
Use on: 
All devices 
 
Note 
On the ETRX1 cloning is only supported if 
the local Ember bootloader has revision 
>1005.  Error 30 will be displayed if this is 
not the case.  
On the ETRX1 the local node will reset after 
successful bootloading, on the ETRX2 the 
node will continue operation without a reset. 
The default password on both the ETRX1 
and ETRX2 is “TG-ETRX1”. 
 

Response 
Cloning… 
 
or 
 
ERROR<errorcode> 
 
 
Where <errorcode> represents the error code 
explained in section 3. 
Clones the firmware of the local node to a remote 
node which address is given by <EUI64>.  
cccccccc represents the remote nodes 8 digit 
password.  After completion a soft reset is caused 
on the remote end. 

SW release  R208 added to the ETRX2 
 
+RECOVER  –  Recover From A Failed Clone Attempt (ETRX2 only) 
Execute Command 
AT+RECOVER 
 
Use on: 
All devices 
 
Note 
Use this command in cases where the 
cloning operation was interrupted and the 
remote device therefore remains in the 
bootloader. 
For more information on over-the-air 
firmware upgrading please refer to the 
respective Development Kit Manual. 
 

Response 
Recovering… 
 
or 
 
ERROR<errorcode> 
 
Where <errorcode> represents the error code 
explained in section 3. 
Clones the firmware of the local node to a remote 
node which is already in the bootloader. 
 

SW release  R208  
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S –  S-Register Access 
Read Command 
ATSnn[x]? 
 

Response 
Snn:<data> 
OK or ERROR<errorcode> 
 
The module displays the contents of S-register nn 
or an error message, where <errorcode> 
represents the error code explained in section 3. 
All 16-bit registers can also be accessed bit by bit.  
In order to do this [x] may specify the bit which is to 
be read.  The result when reading a single bit will 
always be 0 or 1. 
 

Write Command 
ATSnn[x]=<data> 
 
Note 
Some S-Registers require a password for 
write access.  See S-Register description for 
details.  The default password on both 
ETRX1 and ETRX2 is “TG-ETRX1”. 
Some S-Registers are read-only and will 
return an error if you are trying to write to 
them 
 

Response 
OK or ERROR<errorcode> 
 
The data is written to S-register number nn and if 
applicable stored in non-volatile EEPROM.  The 
data format for each individual S Register is given 
in the S-Register description. 
<errorcode> represents the error code explained in 
section 3. 
For all 16-bit registers individual bits can also be 
set or cleared by specifying the bit using [x] and 
setting it to either 0 or 1. 
 

SW release  R200 

 

 

SALLnn –  Write All Remote S-Registers 
Write Command 
ATSALLnn[x]=<data> 
 
 
Use on: 
All Devices 
 
Note  
Use this command carefully to prevent setting 
registers of units you do not want to alter. 
Also be aware that there are no guarantees 
that each and every node in the network is 
reached. 
 

Response 
OK 
 
or 
 
ERROR<errorcode> 
 
The module broadcasts a write command to all 
remote nodes on the PAN.  Every remote module 
receiving this request will perform the command.  
nn specifies the register number which is written. 
For all 16-bit registers individual bits can also be 
set or cleared by specifying the bit using [x] and 
setting it to either 0 or 1. 
 
 

SW release  R208 – Individual bits can now be set 
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SREMn –  Remote S-Register Access 
Read Command 
ATSREMnn[x]:<EUI64>? 
 
 
Use on: 
All Devices 
 

Response 
Snn:<data> 
OK 
 
or 
 
ERROR<errorcode> 
 
The module displays the contents of S-Register nn 
or an error message, where <errorcode> 
represents the error code explained in section 3.  
The data format of each individual S-Register is 
given in the S-Register description.  All 16-bit 
registers can also be accessed bit by bit.  In order 
to do this [x] may specify the bit which is to be 
read.  The result when reading a single bit will 
always be 0 or 1. 
 
In case bit 14 of S06 is set the response will be 
 
OK  
 
In this case the OK prompt only shows successful 
transmission of the read request.  The actual 
reading of the S-Register will be prompted later in 
the following format: 
 
Snn:<Data>:<EUI64> 
 
This allows up to 10 requests to 4 different nodes 
to be in flight at any one time.  In case the target 
node could not be reached the following prompt will 
be displayed: 
 
NAK:<EUI64> 
 

Write Command 
ATSREMnn[x]:<EUI64>=<data> 
 
 
 
 
Note 
Some S-Registers are read only and will 
return an error if you are trying to write to 
them 
Some S-Registers require a password for 
write access.  See S-Register description for 
details.  The default password on both 
ETRX1 and ETRX2 is “TG-ETRX1”. 
 

<data> is written to remote S-register number nn 
and if applicable stored in non-volatile memory. 
 
Response 
OK 
 
or if any problems occur 
 
ERROR<errorcode> 
 
Where <errorcode> represents the error code 
explained in section 3.  
For all 16-bit registers individual bits can also be 
set or cleared by specifying the bit using [x] and 
setting it to either 0 or 1. 
 

SW release  R200 
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TOKDUMP –  Display All S-Registers 
Execute Command 
AT+TOKDUMP 
 
 

Response 
+TOKDUMP: 
<data> 
OK 
 
or 
 
ERROR<errorcode> 
 
The module displays the contents of all local S-
registers or an error message, where <errorcode> 
represents the error code explained in section 3.  
The data format for each individual S Register is 
given in the S-Register description in section 4. 
 

SW release  R200 
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2.6 Network Control & Configuration Commands 
 
+ESCAN  –  Scan The Energy Of All Channels 
Execute Command 
AT+ESCAN 
 
 
Use on: 
All nodes which are not part of a PAN 
 
 
 
Note 
Scanning all channels can take up to 16 
seconds.  This command can only be 
executed if the local node is not part of a 
PAN.  Use AT+DASSL to leave a PAN 
before executing this command. 

Response 
+ESCAN: 
11:XX 
12:XX 
… 
26:XX 
OK  
 
or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3.  XX represents the average energy on 
the respective channel (see description in Section 
8).  Channels masked out in S00 are not scanned.  
 

SW release  R200 
 
 
+EN  –  Establish PANetwork  
Execute Command 
AT+EN 
 
 
 
 
Use on: 
All nodes which are not part of a PAN 
 
 
 
 
 
 
 
 
Note 
When issuing this command the local device 
becomes a Coordinator. 
Establishing a PAN can take up to 16 
seconds.   
This command can only be executed if the 
local node is not part of a PAN already. 
 

Response 
JPAN:CC,PPPP 
OK  
 
or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3.  
 
The local node becomes a coordinator and 
performs an energy scan on all channels selected 
in S00.  It then starts a PAN with a random unused 
PAN ID (PPPP) on the quietest channel (CC).  It is 
possible to force the coordinator to a specific PAN 
ID and channel by selecting a single channel in 
S00 and setting S01 to a PAN ID other than FFFF.  
By default S00 and S01 are set to both FFFF, 
which causes the coordinator to pick a channel and 
PAN ID as described above. 
If S01 is not set to FFFF the content of S01 is used 
instead of a random PAN ID, given that the 
preferred PAN ID is not used by a different PAN. 
In case the PAN ID specified in S01 is already in 
use a randomly generated PAN ID will be used. 
The new network’s encryption key is defined in 
S03.  If S03 is set to all 0’s (default) a random key 
will be generated. 

SW release  R200 
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+JN  –  Join Network  
Execute Command 
AT+JN 
 
 
Use on: 
All nodes which are not part of a PAN 
 
Note 
Joining a PAN can take up to 8 seconds, 
depending on the number of channels which 
need scanning. 
This command can only be executed if the 
local node is not part of a PAN already. 
 

Response 
JPAN:CC,PPPP 
OK 
 
or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3.  
The local node scans all channels selected in 
register S00 for the existence of a PAN.  When 
finding a PAN which allows joining it will 
automatically join in via the remote node with the 
highest RSSI. 
In case register S01 differs from the default value 
of 0xFFFF the node will only join a PAN with the 
PAN ID specified in S01. 

Remote Action 
Depending on settings in S06 the new node 
will be announced either at the coordinator or 
parent device. (See the User Guide for a 
more detailed description of network 
establishment) 
 

Prompt 
NEWNODE:<EUI64> 

SW release  R200 
 
 
+PANSCAN  –  Scan For Active PANs 
Execute Command 
AT+PANSCAN 
 
Use on: 
All nodes which are not part of a PAN 
 
 
 
 
 
Note 
Scanning for active PANs can take up to 8 
seconds. This command can only be 
executed if the local node is not part of a 
PAN already. 
 

Response 
+PANSCAN:CC,PPPP,b 
 
OK  
 
 
or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3.  The node gives a list of all available 
PANs found.  CC represents the channel, PPPP 
the PAN ID and b indicates whether the network is 
allowing additional nodes to join (0=joining not 
permitted, 1=joining allowed). The node does not 
join any of the PANs found.  
 

SW release  R200 
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+JPAN  –  Join Specific PAN 
Execute Command 
AT+JPAN:CC,PPPP 
 
Where CC is the channel and PPPP is the 
PAN ID of the network which is to be joined. 
 
Use on 
All nodes which are not part of a PAN  
 
Note 
This command can only be executed if the 
local node is not part of a PAN already. 
The JPAN command is not affected by the 
channel mask in register S00. 

Response 
JPAN:CC,PPPP 
OK 
 
or ERROR<errorcode> 
 
 
 
 
<errorcode> represents the error code explained in 
section 3.  
The local node joins a particular PAN on channel 
CC with PAN ID PPPP via the remote node with 
the highest RSSI. 

SW release  R200 

 

+DASSL –  Disassociate Local Device From PAN 
Execute Command 
AT+DASSL 
 
Use on 
All Devices which are part of a PAN 
 
 

Response 
OK or ERROR<errorcode> 
 
Prompt 
LeftPAN 
 
<errorcode> represents the error code explained in 
section 3. 
Instruct local device to leave the PAN. 
 

SW release  R200 

 

+DASSR –  Disassociate Remote Device From PAN 
Execute Command 
AT+DASSR:<EUI64> 
 
 
Use on 
All Devices which are part of a PAN 
 

Response 
OK or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3. 
Instruct remote device to leave the PAN. 
 

Remote action Prompt 
LeftPAN 

SW release  R200 
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+NTABLE – Display the Neighbour Table 
Read Command 
AT+NTABLE? 
 
Displays the local device’s neighbour table. 
The neighbour table contains devices within 
a single hop of the local node. 
 
 
Use on 
All Devices 

Response 
 
ShortID  | LQI  | inCost | outCost | age | EUI 
… 
OK  
 
The short ID is the 16-bit network ID of the 
neighbouring device, inCost and outCost are an 
indicator of the link quality between the local node 
and the remote node, age is the number of 
intervals during which the local node has not heard 
from that particular neighbour (in 16 second 
increments) and EUI is the neighbour’s EUI64. 

SW release  R200 

 

+N – Display Network Information 
Read Command 
AT+N? 
 
 
Use on 
All Devices 

Response 
+N:XXX,CC,PPPP,sZZ 
 
or NoPAN 
 
followed by 
OK  
 
or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3.  XXX represents the nodes functionality 
in the PAN (FFD,COO,SED,MED), YY represents 
the IEEE802.15.4 radio channel (11-26), PPPP 
represents the node’s PAN ID and ZZ represents 
the radio output power in dBm. 
 

SW release  R200 

 

+POLL – Poll The Parent Device 
Execute Command 
AT+POLL 
 
Poll the parent device for new data. 
 
Note: Action 0011 is recommended for 
periodic polling. 
 
Use on 
SEDs 
MEDs 
 

Response 
OK  
 
or 
 
ERROR<errorcode> 
 
 
 
<errorcode> represents the error code explained in 
section 3.   
 

SW release  R207 
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+PARENT – Display Parent’s ID 
Read Command 
AT+PARENT? 
 
Display the Device’s Parent EUI64. 
 
Use on 
SEDs 
MEDs 

Response 
+PARENT:<EUI64> 
OK  
 
or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3.   
 

SW release  R207 
 
+CTABLE – Display List Of Local Children 
Read Command 
AT+CTABLE? 
 
Display the Device’s children's EUI64 and 
the type (MED or SED). 
 
Use on 
Routers 
Coordinator 

Response 
+CTABLE 
index     eui     type 
<list of children> 
OK  
 
or  
noChildren 
OK 
 
or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3.   
 

SW release  R207 
 
+SN – Scan Network  
Execute Command 
AT+SN[:nn] 
 
 
Use on 
All Devices 
 
 
Note 
In case no parameter is specified  07 is used 
by default.  
 
 

Response 
OK or ERROR<errorcode> 
 
Prompt 
FFD:<EUI64>[,syy,zz] 
SED:<EUI64>[,syy,zz] 
MED:<EUI64>[,syy,zz] 
COO:<EUI64>[,syy,zz] 
 
Parameters 
nn ranging from 00 to 07 
 
<errorcode> represents the error code explained in 
section 3. In case bit 6 of register S06 is set the 
RSSI level (syy in dBm) and LQI (zz in 
hexadecimal) of the last hop are displayed. For a 
description of the LQI reading please see section 
8. 
Only neighbours which are up to nn hops away are 
listed. If nn = 01 only direct neighbours will reply 
and nn = 00 will search the entire network. 
 

SW release  R200 
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+REMSN – Scan For Remote Devices Direct Neighbours  
Execute Command 
AT+REMSN:<EUI64> 
 
 
 
Use on 
All Devices 
 
 
 
 
Note 
If the target device of this command is an
end device the results will reflect its parent, 
therefore it is recommended to target this 
command at routers only. 

Response 
OK or ERROR<errorcode> 
 
Prompt 
REMFFD:<EUI64>[,syy,zz] 
REMZED:<EUI64>[,syy,zz] 
REMSED:<EUI64>[,syy,zz] 
REMMED:<EUI64>[,syy,zz] 
REMCOO:<EUI64>[,syy,zz] 
 
<errorcode> represents the error code explained in 
section 3. In case bit 6 of register S06 is set the 
RSSI level (syy in dBm) and the LQI (zz in 
hexadecimal) read at the remote device are 
displayed. For a description of the LQI reading 
please see section 8. 
After execution of this command all direct 
neighbours of the node with id <EUI64> will report 
within 8 seconds.  
 

SW release  R200 

 

 

+LINKCHECK  –  Check Link Parameters For Link With Neighbouring Device 
Execute Command 
AT+LINKCHECK:<EUI64> 
 
Use on 
All Devices 
 

Response 
+LINKCHECK=syy,zz 
OK  
 
or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3. 
 
The command will only be successful if the node 
with the identifier <EUI64> is a direct neighbour, 
parent or child of the local node. The RSSI level 
(syy in dBm) and LQI (zz in hexadecimal) of the 
last hop are displayed. For a description of the LQI 
reading please see section 8. 
 
 

SW release  R200 
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+PING  –  Indicate Presence In The Network 
Execute Command 
AT+PING  
 
Use on 
All Devices 
 

Response 
OK or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3. 
 

Remote Action Prompt 
FFD:<EUI64>[,syy,zz] 
SED:<EUI64>[,syy,zz] 
MED:<EUI64>[,syy,zz] 
COO:<EUI64>[,syy,zz] 
 
The prompt above will be displayed on all nodes 
which can hear the ping.  In case bit 6 of register 
S06 is set the RSSI level (syy dBm) and LQI (zz in 
hexadecimal) of the last hop are displayed. For a 
description of the LQI reading please see section 
8. 
 
<EUI64> is the identifier of the sending device  
 

SW release  R200 

 

+BCAST  –  Transmit A Broadcast 
Execute Command 
AT+BCAST:nn,<data> 
 
 
Use on: 
All devices 
 
 

Response 
OK or ERROR<errorcode> 
 
Where <errorcode> represents the error code 
explained in section 3. 
 
Parameters 
nn ranging from 00 to 10 
 
Up to 65 bytes are sent.  The response OK shows 
successful transmission.  Successful transmission 
does not guarantee successful reception.  To make 
sure data has been received by a specific node 
use a unicast message.  Only neighbours which 
are up to nn hops away will receive the broadcast. 
If nn = 01 only direct neighbours will receive the 
broadcast and if n = 00 the entire network will. 
 

Remote action Prompt 
BCAST:<EUI64>=<data> 
 
Every node in the PAN which has received the 
broadcast message will prompt the above 
message where <EUI64> is the address of the 
sender and <data> is the data which was attached 
to the broadcast 
 

SW release  R200 
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+BCASTB  –  Transmit A Broadcast Of Binary Data 
Execute Command 
AT+BCASTB:xx,nn 
 
Where xx is the number (in hexadecimal) of 
data bytes to be sent and nn is the number of 
hops the message will travel. 
 
Use on 
All Devices 
 
Note: This command is particularly useful if 
the data may contain <CR> and 
<Backspace> characters. 
 

Response 
> <data being entered> 
OK  
 
or ERROR<errorcode> 
 
After the ‘>’ prompt a number of xx characters are 
expected to be entered. <errorcode> represents 
the error code explained in section 3. 
In case bit D of S08 is set a timeout error is 
generated if no character is received for 1 second. 
 
Parameters 
xx ranging from 00 to 41 (hex) 
nn ranging from 00 to 10 
 
 
Up to 65 bytes are sent to devices up to nn hops 
away. The response OK shows successful 
transmission. Successful transmission does not 
guarantee successful reception.  To make sure 
data has been received by a specific node use a 
unicast message.  Only neighbours which are up to 
nn hops away will receive the broadcast. If nn=01 
only direct neighbours will receive the broadcast 
and if n = 00 the entire network will. 
 

Remote action Prompt 
BCAST:<EUI64>,xx=<data> 
 
Every node in the PAN which has received the 
broadcast message will prompt the above 
message where <EUI64> is the address of the 
sender and xx is the length of the message in 
hexadecimal. 

SW release  R200 
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+UCAST  –  Transmit A Unicast 
Execute Command 
AT+UCAST:<EUI64>,<DATA> 
 
 
Use on 
All Devices 
 
 
Note 

- It is possible to have up to 10 
transmissions to 4 different nodes in 
flight (i.e. pending for an ACK or 
NACK).  

- The ACK and/or NACK prompt can 
be disabled in S08 

Response 
+UCAST:nn 
OK  
 
or ERROR<errorcode> 
 
Where <errorcode> represents the error code 
explained in section 4. 
 
Prompt 
ACK:nn 
 
or NACK:nn 
 
Up to 65 bytes are sent to the node up to 6 hops 
away with address <EUI64>.  On successful 
transmission the user is given a transmission 
number followed by “OK”.   The user is then 
prompted “ACK” on receipt of an acknowledgement 
or “NACK” in case the message was not 
acknowledged.  A NACK does not guarantee that 
the message has not reached its destination.  
 
Alternatively if bit 13 of S06 is set the response will 
be: 
OK 
 
or ERROR<errorcode> 
 
In this case no transmission number is issued as 
only a single message can be in flight. An “OK” 
indicates successful acknowledgement. 
 

Remote action Prompt 
 
UCAST:<EUI64>=<data> 
 
Where <EUI64> is the address of the sender. 
 

SW release  R200 
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+UCASTB  –  Transmit A Unicast Of Binary Data 
Execute Command 
AT+UCASTB:xx,<EUI64> 
 
Where xx is the number (in hexadecimal) of 
data bytes to be sent. 
 
Use on 
All Devices 
 
Note 

- This command is particularly useful if 
the data may contain <CR> and 
<Backspace> characters. 

- It is possible to have up to 10 
transmissions to 4 different nodes in 
flight (i.e. pending for an ACK or 
NACK).  

- The ACK and/or NACK prompt can 
be disabled in S08 

 
 

Response 
> <data being entered> 
+UCAST:nn 
OK  
 
or ERROR<errorcode> 
 
 
Prompt 
ACK:nn 
 
or NACK:nn 
 
Parameters 
xx ranging from 00 to 41 (hex) 
 
After the ‘>’ prompt a number of xx characters are 
expected to be entered.  Up to 65 bytes are sent to 
the node with address <EUI64>. 
In case bit D of S08 is set a timeout error is 
generated if no character is received for 1 second. 
On successful transmission the user is given a 
transmission number followed by “OK”.  After that 
the user is prompted “ACK” on receipt of an 
acknowledgement or “NACK” in case the message 
was not acknowledged. A NACK does not 
guarantee that the message has not reached its 
destination.  
 
Alternatively if bit 13 of S06 is set the response will 
be: 
OK 
 
or ERROR<errorcode> 
 
In this case no transmission number is issued as 
only a single message can be in flight.  An “OK” 
indicates successful acknowledgement. 
 

Remote action Prompt 
 
UCAST:<EUI64>,xx=<data> 
 
Where <EUI64> is the address of the sender and 
xx is the length of the message in hexadecimal 
 

SW release  R200 
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+SCAST  –  Transmit Data To The Sink 
Execute Command 
AT+SCAST:<data> 
 
Use on 
All Devices 
 
Note 
 

- If a sink cannot be reached for three 
consecutive transmissions the sink is 
assumed unavailable and a new one 
is searched. 

- The ACK and/or NACK prompt can 
be disabled in S08 

- It is possible to have up to 10 
transmissions in flight (i.e. pending for 
an ACK or NACK).  

 

Response 
+UCAST:nn 
OK  
 
or ERROR<errorcode> 
 
Where <errorcode> represents the error code 
explained in section 3. 
 
Prompt 
ACK:nn 
 
or NACK:nn 
 
Parameters 
Up to 65 bytes are sent to the network’s sink given 
it is no more than 6 hops away.  On successful 
transmission the user is given a transmission 
number followed by “OK”.  After that the user is 
prompted “ACK” on receipt of an acknowledgement 
or “NACK” in case the message was not 
acknowledged.  A NACK does not guarantee that 
the message has not reached its destination.  
 
Alternatively if bit 13 of S06 is set the response will 
be: 
OK 
 
or ERROR<errorcode> 
 
In this case no transmission number is issued as 
only a single message can be in flight.  An “OK” 
indicates successful acknowledgement  
 
 

Remote action Prompt 
SCAST:<EUI64>=<data> 
 
where <EUI64> is the address of the sender. 
 

SW release  R200 
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+SCASTB  –  Transmit Binary Data To A Sink 
Execute Command 
AT+SCASTB:xx 
 
Where xx is the number (in hexadecimal) of 
data bytes to be sent. 
 
Use on 
All Devices 
 
Note 

- If a sink cannot be reached for three 
consecutive transmissions the sink is 
assumed unavailable and a new one 
is searched. 

- The ACK and/or NACK prompt can 
be disabled in S08 

- It is possible to have up to 10 
transmissions in flight (i.e. pending for 
an ACK or NACK).  

 
 

Response 
> <data being entered> 
+SCAST:nn 
OK  
 
or ERROR<errorcode> 
 
 
Parameters 
xx ranging from 00 to 41 (hex) 
 
After the ‘>’ prompt a number of xx characters are 
expected to be entered. Up to 65 bytes are sent to 
the networks’ sink. 
In case bit D of S08 is set a timeout error is 
generated if no character is received for 1 second.  
On successful transmission the user is given a 
transmission number followed by “OK”.  After that 
the user is prompted “ACK” on receipt of an 
acknowledgement or “NACK” in case the message 
was not acknowledged.  A NACK does not 
guarantee that the message has not reached its 
destination.  
 
Alternatively if bit 13 of S06 is set the response will 
be: 
OK 
 
or ERROR<errorcode> 
 
In this case no transmission number is issued as 
only a single message can be in flight.  An “OK” 
indicates successful acknowledgement. 

Remote action Prompt 
SCAST:<EUI64>,xx=<data> 
 
where <EUI64> is the address of the sender and 
xx is the length of the message in hexadecimal 
 

SW release  R200 
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+SSINK  –  Search For A Sink 
Read Command 
AT+SSINK 
 
Search for a sink on the network 
If a sink is already known and the known sink 
is reporting in as a reply to this request, no 
prompt will be displayed. 
 
Use on 
All Devices 

Response 
OK or ERROR<errorcode> 
 
 
Prompt 
SINK:<EUI64> 
 
<errorcode> represents the error code explained in 
section 3. 

SW release  R200 

 

+SINK  –  Display The Local Node’s Sink 
Read Command 
AT+SINK? 
 
Displays the locally stored ID of the 
network’s sink. In order to search for a sink 
use AT+SSINK. 
 
 
Use on 
All Devices 
 

Response 
+SINK:Local 
OK 
 or  
+SINK:None 
OK 
 or 
+SINK:<EUI64> 
OK 
 or 
ERROR<errorcode> 
 
Where <EUI64> is the address of the sink and 
<errorcode> represents the error code explained in 
section 3. 

SW release  R207 
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+OPCHAN  –  Opens A Channel To A Remote Node 
Execute Command 
AT+OPCHAN:<EUI64> 
 
 
Use on 
All devices  
 
Note 
Opening a channel to end devices will result 
in a limited data rate which depends on the 
polling interval of the child.  
When in sleep mode 02 a device will stay 
awake until the channel is closed 
 

Response 
OK or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3. 
Once the channel is established it acts like a virtual 
wire and transmits any data entered bi-
directionally. There is no local echo of the data 
entered.  To close the channel enter +++ on any 
end of the virtual wire. 
 
Parameters 
The remote module’s address <EUI64>. 
 
Examples 
AT+OPCHAN:000D6F0000012345 
OK 
OPEN 
>Hello world 
My second data line+++ 
CLOSED 
 
In case the channel breaks down an error message 
is displayed on both ends, where <errorcode> 
represents the error code explained in section 3. 

Remote Action 
 
 
Note 
The “CHAN” prompt can be disabled in 
register S07 

Prompt 
Depending on the setting of bit C in the remote S06 
 
If unset the node will automatically accept the 
channel. 
CHAN:<EUI64> 
OPEN 
 
if set the node will display the request in the format 
CHAN:<EUI64> 
The remote device has to acknowledge the request 
using the command AT+ACKCHAN command. 
 

SW release  R200 

 

+++  –  Close Channel  
Execute Command 
+++ 
 

Response 
CLOSED  
 
 

Remote Action Prompt 
CLOSED 

SW release  R200 
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+OPLCHAN  –  Opens A Limited Channel To A Remote Node 
Execute Command 
AT+OPLCHAN:XXXX,<EUI64> 
 
 
Use on 
All Devices 
 

Response 
OK or ERROR<errorcode> 
 
Same as AT+OPCHAN, but the connection will 
automatically close after a number of XXXX 
characters (in hexadecimal) have been sent by the 
device which opened the connection. +++ does not 
close the connection any more. In case Bit D of 
S08 is set the channel is also closed in case no 
character has been received via the serial port for 
more than a second. 

Remote Action Prompt 
Depending on the setting of bit C in the remote S06 
 
If unset the node will automatically accept the 
channel. 
LCHAN:XXXX,<EUI64> 
OPEN 
 
if set the node will display the request in the format 
LCHAN:XXXX,<EUI64> 
The remote device has to acknowledge the request 
using the command AT+ACKCHAN command. 
 

SW release  R200 

 

+ACKCHAN  –  Accept Channel 
Execute Command 
AT+ACKCHAN:<EUI64> 
 

Response 
OK  
OPEN 
 
 
or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3. 
 

Example 
 
Prompt 
[L]CHAN:<EUI64> 
 
Reply 
AT+ACKCHAN:<EUI64> 
 

 
The unit gets prompted that a remote unit is trying 
to establish a channel to this unit. 
 
If required the channel can be acknowledged which 
will cause the channel to open. 
 
In S06 the unit can be configured to automatically 
accept every incoming channel if not connected to 
another active channel. 
 

SW release  R200 
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+RDATAB –  Send Binary Raw Data 
Execute Command 
AT+RDATAB:xx 
 
Use on 
All Devices 
 
Note 
Can be useful to quickly exchange bulk data 
with neighbouring node.  The application 
needs to handle addressing, error checking, 
retries and acknowledgements. 
 
End Devices do not receive raw data. 
Raw data will only travel one hop. 
 

Response 
> <data being entered> 
OK  
 
or ERROR<errorcode> 
 
 
 
 
Parameters 
xx ranging from 00 to 72 (hex) 
 
After the ‘>’ prompt a number of xx characters are 
expected to be entered. Up to 114 bytes of data 
can be send to all nodes within reach (direct 
neighbours)  
The data is neither encrypted nor error 
checked. No retries are made and no 
acknowledgement is received. 
 
<errorcode> represents the error code explained in 
section 3. 
 

Remote action Prompt 
RAW:<data> 
 
or 
 
<data> 
 
 in case bit B of S08 is set. Also this prompt can be 
disabled entirely by setting bit A of S08. 
 

SW release  R208 

 

+IDENT –  Play A Tune On Remote Devboard 
Execute Command 
AT+IDENT:<EUI64> 
 
Use on 
All Devices 
 

Response 
OK or ERROR<errorcode> 
 
<errorcode> represents the error code explained in 
section 3. 
Plays a tune on a remote devboard if the Beeper is 
connected.  Useful to identify remote nodes. See 
devkit manual for details about connecting a 
beeper to the ETRX1 and ETRX2. 
Setting bit 0 in S08 disables the remote response 
to the AT+IDENT command. 
The tune played on the remote device will differ 
depending on whether the device is an ETRX1 or 
ETRX2.  
 

SW release  R200 



  ETRX1&2 AT Commands
 

 

©2010 Telegesis (UK) Ltd - 31 - ETRX1&2 AT-Command Manual (Rev 2.12) 

3 List of Error codes 
 
 
01  Too many characters have been entered on the command line 
02  Unknown command 
04  Invalid S-Register 
05  Invalid parameter 
06 Unicast could not be sent 
07  Message was not acknowledged 
08   No sink known 
0E Channel is unavailable 
0F Fatal error initialising the network 
10 Error bootloading 
12 Fatal error initialising the stack 
14   Binding problem 
15  Channel failed 
16 Error trying to acknowledge a channel, which has not been requested recently 
17 Only allowed on end devices 
18  Out of buffers 
19 Trying to write read-only register 
20 Invalid password 
23 PWM not in use (ETRX1 only) 
24  Error Polling from Parent 
25 Cannot form network 
26 Cannot join network 
27 No network found 
28 Operation cannot be completed if node is part of a PAN 
29 Local device is sink 
2A Error during energy scan 
2B No free Bindings 
2C  Error leaving the PAN 
2D  Error scanning for PANs 
2F Polling parent unsuccessful 
30 Trying to clone or passthrough to an incompatible hardware platform  
33 No response from the remote bootloader (ETRX2) 
34 Target did not respond during cloning (ETRX2) 
35 Timeout occurred during xCASTB 
40 UART RX Frame error 
41 UART RX Parity error 
42 UART TX software buffer overflow 
43   UART RX software buffer overflow 
44 UART RX hardware buffer overflow 
6C Invalid binding table index 
72 the maximum number of in flight messages has been exceeded 
74 Payload too long 
91 Operation only possible if joined to a PAN 
A1 Network overload 
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4 S-Registers 
 
Most S-Registers of the ETRX1 and ETRX2 can be read and written locally as well as remotely.  
The S-Registers are summarised in the table below. 
 
 
 
S-Register Overview Local R/W Remote R/W 
S00 Channel Mask (•/•) (•/•) 
S01 Preferred PAN ID (•/•) (•/•) 
S02 Transmit Power Level (•/•) (•/•) 
S03 Encryption key1 (-/•) (-/•) 
S04 User Definable name (•/•) (•/•) 
S05 OEM Word1 (•/•) (•/•) 
S06 Main Function1 (•/•) (•/•) 
S07 Extended Function1 (•/•) (•/•) 
S08 Extended Function2 (•/•) (•/•) 
S09 Password1 (-/•) (-/•) 
S0A Revision Number (•/•) (•/•) 
S0B UART Setup (•/•) (•/•) 
S0C ETRX2: Pull-up enable ETRX1: Reserved (•/•) (•/•) 
S0D Data Direction of I/O Port (DDR) (volatile) (•/•) (•/•) 
S0E Initial value of S0D (•/•) (•/•) 
S0F Output Buffer of I/O Port (PORT) (volatile) (•/•) (•/•) 
S10 Initial value of S0F (•/•) (•/•) 
S11 Input Buffer of I/O Port (PIN) (volatile) (•/-) (•/-) 
S12 A/D1 (•/-) (•/-) 
S13 A/D2 (•/-) (•/-) 
S14 ETRX2: A/D3 (Reserved) ETRX1: Reserved (•/-) (•/-) 
S15 Immediate functionality at IRQ0 (•/•) (•/•) 
S16 Immediate functionality at IRQ1 (•/•) (•/•) 
S17 Timer/Counter 0 (•/•) (•/•) 
S18 Functionality for Timer/Counter 0 (•/•) (•/•) 
S19 Timer/Counter 1 (•/•) (•/•) 
S1A Functionality for Timer/Counter 1 (•/•) (•/•) 
S1B Timer/Counter 2 (•/•) (•/•) 
S1C Functionality for Timer/Counter 2 (•/•) (•/•) 
S1D Timer/Counter 3 (•/•) (•/•) 
S1E Functionality for Timer/Counter 3 (•/•) (•/•) 
S1F Timer/Counter 4 (•/•) (•/•) 
S20 Functionality for Timer/Counter 4 (•/•) (•/•) 
S21 Timer/Counter 5 (•/•) (•/•) 
S22 Functionality for Timer/Counter 5 (•/•) (•/•) 
S23 Timer/Counter 6 (•/•) (•/•) 
S24 Functionality for Timer/Counter 6 (volatile) (•/•) (•/•) 

                                                 
1 Access to these registers is password protected 
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S-Register Overview (continued) Local R/W Remote R/W 
S25 Initial Functionality for Timer/Counter 6 (•/•) (•/•) 
S26 Timer/Counter 7 (•/•) (•/•) 
S27 Functionality for Timer/Counter 7  (volatile)  (•/•) (•/•) 
S28 Initial Functionality for Timer/Counter 7 (•/•) (•/•) 
S29 Power mode (volatile) (•/•) (•/•) 
S2A Initial Power Mode (•/•) (•/•) 
S2B Start-up Functionality Plaintext A (•/•) (•/•) 
S2C Start-up Functionality Plaintext B (•/•) (•/•) 
S2D Parent’s EUI (•/-) (•/-) 
S2E Device Specific (•/•) (•/•) 
S2F Special Function Pin 1 (volatile) (•/•) (•/•) 
S30 Initial value of S2F (•/•) (•/•) 
S31 Special Function Pin 2 (volatile) (ETRX2 only) (•/•) (•/•) 
S32 Initial value of S31 (ETRX2 only) (•/•) (•/•) 
S33 Supply Voltage (ETRX2 only) (•/-) (•/-) 

Table 6: S-Register Overview 

 
 
With a few exceptions the S-registers are stored in non-volatile memory and will keep their user 
defined settings unless reset to the factory defaults using the “AT&F” command.  S0D, S0F, S27, 
S29, S2F and S31 are directly accessing volatile I/O registers to prevent memory corruption due to 
constant I/O access.  Registers S0E, S10, S28, S2A, S30 and S32 represent the non-volatile 
registers which define the contents of S0D, S0F, S27, S29, S2F and S31 respectively after booting 
up. 
 
 

4.1 Recovery of the Factory Default Settings 
 
If the unit seems to be unresponsive to commands on the serial port this is most often due to the 
unit having been set into a power-down mode or the set-up for the serial connection having been 
altered.  With revisions R200 of the firmware upwards, a feature has been added which performs a 
factory reset on any module which seems unresponsive.  To factory reset a module, connect it to 
the PC’s serial port and execute the Factory Reset Tool (downloadable from www.telegesis.com).  
When pressing the Reset button on the Reset Tool you are prompted to cause a hardware reset to 
the module by pulling the modules’ reset line low for more than 100ms (done by pressing the reset 
button on the Development Board).  Once completed, the factory default settings of the ETRXn 
module are restored. 
 

http://www.telegesis.com/
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