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Clinical case/ Case Series

ABSTRACT

Introduction: Ultrasound imaging is widely used for muscle assessment due to its non-invasive nature and re-
al-time imaging capabilities. Histogram-based echotexture analysis has proven to be a valuable tool for quan-
tifying muscle tissue composition using features such as echointensity (EI) and echovariation (EV), especially in 
neuromuscular and neurological disorders. However, variability in region of interest (ROI) selection and image 
processing methods can significantly affect the extracted echotexture features. This study presents a novel his-
togram-based analysis approach to investigate the effects of subdividing a single ROI into different patch sizes 
for muscle tissue assessment. By focusing on the EI and EV of the gastrocnemius medialis in a stroke patient, this 
research aims to refine quantitative ultrasound analysis to improve clinical applicability.
Case presentation: One stroke patient was randomly selected from a previously collected dataset to perform a 
complementary analysis. The initially selected grey-scale ROI was extracted and divided into patches of different 
sizes (10×10, 20×20, 30×30, 40×40 and 50×50 pixels). The EI and EV of each patch were calculated, and their distri-
butions were analyzed using descriptive statistics and correlation methods.
Results: The EV values for patches of sizes 10×10, 20×20, 30×30, 40×40, and 50×50 were 26.48, 24.58, 20.44, 16.78, 
and 10.38, respectively, which deviated significantly from the original ROI value of 45.54. In contrast, the EI values 
remained around 81 across all patch sizes, indicating that varying patch sizes did not affect EI.
Conclusions: Patch-based histogram analysis offers a complementary method for assessing muscle texture in 
ultrasound. While EI appears to be robust to ROI subdivision, EV shows variability, raising concerns about its reli-
ability when small patches are used. Standardized methods and future research with larger datasets are needed to 
optimize echotexture analysis and ensure reproducibility in clinical practice.
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1. Introduction

Ultrasound imaging is a non-invasive, safe, accessible, and cost-effective technique commonly 
used for assessing muscle structure and function. It is widely utilized across various medical 
fields, including sports medicine, rehabilitation, and the assessment of neuromuscular disor-
ders(1-3). One of its primary advantages is that it provides high-resolution, real-time imaging, en-
abling the visualization of muscle dynamics and tissue changes(4). Additionally, ultrasound of-
fers valuable quantitative and qualitative insights into muscle tissue, making it an essential tool 
for diagnosing and monitoring muscle diseases and alterations(5). However, despite significant 
advances in ultrasound technology, the quantitative analysis of ultrasound images remains a 
major challenge in medical and clinical research.

Image texture is commonly defined as the spatial variation of pixel intensity, and in ultrasound 
imaging, this concept is referred to as echotexture(6,7). This definition is widely accepted in im-
age processing, where texture analysis techniques are employed for classification, segmenta-
tion, and synthesis(8). Several computational approaches have been developed to facilitate the 
identification of complex tissue patterns from texture feature extraction from images, such as 
the gray-level co-occurrence matrix (GLCM), gray-level run-length matrix (GLRLM), Fast Fourier 
transform (FFT), and neural networks(9). 

Among these approaches, histogram analysis has received considerable attention due to its 
simplicity and utility in the assessment of muscle composition, particularly in the evaluation 
of neuromuscular disorders(7, 10-12). This technique examines the distribution of pixel inten-
sities within ultrasound images, allowing the extraction of first-order statistical features such 
as mean, standard deviation, skewness, kurtosis, energy, or entropy(13). Previous studies have 
shown that these statistical parameters derived from histogram analysis can characterize mus-
cle tissue quality in different health conditions, demonstrating their potential for use in clini-
cal settings(14-18). The advantage of histogram-based (first-order) parameters over second-order 
parameters such as GLCM and GLRLM is that they can be directly computed from the original 
pixel values and the initial image matrix. In contrast, second-order parameters require the prior 
calculation of GLCM and GLRLM matrices before extracting the desired features. On the oth-
er hand, second-order parameters may provide additional texture information that cannot be 
captured by first-order parameters.

Among the key quantitative features extracted from muscle tissue in neuromuscular disorders 
and other neurological disorders such as stroke, echointensity (EI) and echovariation (EV) have 
proven to be particularly relevant and applicable to clinical practice(12,19-21). On the one hand, EI 
determines the mean pixel intensity, while EV quantifies the variation of the EI. In particular, a 
study by Asadi et al.(20) analyzed ultrasound images of the gastrocnemius medialis in stroke in-
dividuals and found a strong inverse correlation between EV and the modified Heckmatt scale. 
However, this scale has notable limitations due to its subjective nature and its restricted four-
grade grading system(22), so EV was proposed as a reliable quantitative approach to assess mus-
cle tissue quality in individuals with stroke(20). 

In the aforementioned study(20) the region of interest (ROI) for echotexture feature extraction was 
defined as the largest possible area of muscle tissue between the superficial and deep fascia. 
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However, there is considerable variability in the selection and size of ROIs among studies ana-
lyzing muscle echotexture(19,23-26). In addition to this variability, when performing the histogram 
analysis on a selected ROI, it remains unclear to what extent the chosen methodology influences 
the extracted echotexture features. Some studies may simply select the entire ROI as a single 
unit, while others may segment the same image into multiple ROIs, or even divide each ROI into 
patches of different sizes. The previous histogram-based analyses often considered one ROI with-
out accounting for spatial heterogeneity within the muscle(14-18). This limitation may lead to an 
oversimplified representation of muscle echotexture, potentially missing localized pathological 
changes. The proposed patch-based analysis methodology could provide a more complete and 
reliable representation of the selected ROI, as it generates a distribution of values rather than a 
single value and may also enhance sensitivity to subtle tissue alterations. However, the impact 
of this approach on key muscle tissue analysis features, such as EI and EV, is unknown.

Therefore, the primary objective of this study was to perform a complementary analysis of EI 
and EV variations in a single stroke patient using a histogram-based analysis by dividing the 
original ROI into patches of different sizes. This study aims to investigate whether patch-based 
division influences histogram-derived muscle tissue analysis, specifically examining the impact 
of patch size on the assessment of echotexture in ultrasound images. 

2. Description of the clinical case

2.1 Patient information 

A single participant was selected from the study's dataset by Asadi et al(20). This stroke patient 
was recruited from the Hospital Clínico Universitario Lozano Blesa in April 2024. Inclusion crite-
ria required participants to be older than 18 years, have a confirmed diagnosis of stroke verified 
by computed tomography (CT) or magnetic resonance imaging (MRI), and be able to walk inde-
pendently, with or without assistance. Exclusion criteria included the presence of other neuro-
logical disorders, history of lower extremity surgery, or any medical condition that could inter-
fere with data collection. The study was approved by the Aragon Ethics Committee (PI24/030) 
and registered in ClinicalTrials.gov (NTC06411587). In addition, the study adhered to the ethical 
guidelines of the Declaration of Helsinki(27).

2.2 Data Collection

In the study by Asadi et al.(20), ultrasound images were acquired using the Butterfly iQ+ portable 
ultrasound system, following a standardized imaging protocol with a gain setting of 50% and a 
depth setting of 5-7 cm. A trained physiotherapist performed the scans while the patients were 
seated with knees flexed at 90°. The ultrasound probe was placed proximally at 30% of the dis-
tance between the medial condyle of the tibia and the medial malleolus, with an adjusted angle 
of approximately 35-45° to optimize image quality.

For this case study, a single image of the gastrocnemius medialis muscle was randomly select-
ed from the data set collected by Asadi et al.(20) for detailed analysis. The method of muscle 
tissue extraction was identical to that used in the original study, and this extracted area was 
considered the main ROI, carefully chosen to include as much muscle tissue as possible while 
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excluding superficial and deep fascia(28). The selected original ROI was then converted from 
color to grayscale using a Python-based program for further analysis.

2.3 Data Analysis

In this case study, the grayscale ultrasound ROI was divided into square patches of predefined 
sizes (10×10, 20×20, 30×30, 40×40, and 50×50 pixels). Each patch size is shown in Figures 1 to 5 
of the supplementary material. For each patch, EI, defined as the mean intensity of the pixels 
within the ROI, and EV, defined as the ratio of the standard deviation to the mean intensity, were 
calculated. The corresponding formulae are as follows:

Descriptive statistics were calculated to characterize the EI and EV value distribution, including 
mean, standard deviation, median, interquartile range (IQR), and skewness. Skewness was used 
to classify the shape of the distribution as normal, right-skewed, or left-skewed. Histograms of 
both features were generated to visualize their distributions, with annotations highlighting key 
statistical measures. 

The normality of the EI and EV distributions was first assessed by inspecting the histograms. 
If the distribution appeared normal, the mean and standard deviation were used for further 
analysis; whereas if the distribution of EI or EV was skewed (right or left), the median and IQR 
were used instead. In both cases, the correlation between EI or EV and data dispersion was cal-
culated using Kendall's tau coefficient, a rank-based method well suited for small data sets(29, 30). 

The selected statistical measures were then compared with the original EI and EV values of the 
original ROI in a graphical representation to evaluate the observed changes and assess the dis-
persion of EV and EI depending on the patch size selected for the ROI. Additionally, to improve 
visualization and facilitate a clearer and more accurate comparison of variations, changes in 
EV were scored on the primary EV function for stroke patients derived from the study by Asadi 
et al.(20). This function showed that higher EV values were associated with better muscle tissue 
quality, whereas lower EV values correspond to greater muscle impairment in stroke-affected 
muscles(20). Therefore, the mean or median EV values extracted from the histograms were plot-
ted on the function: y = a*ebx + c*edx + E ; using the parameters: a = 37.13, b = −0.14, c = 132,052.16, 
d = −2*10−6, and E = −131,990.30. There is no equivalent function for EI, which precludes apply-
ing the same approach to this feature.

3. Results

The distribution type, mean, standard deviation, median, and IQR were calculated for the origi-
nal ROI with five different patch sizes: 10×10, 20×20, 30×30, 40×40, and 50×50 pixels. The results 
indicated that the histogram showed a normal distribution for the EI feature, whereas the EV 
feature showed a right-skewed distribution, suggesting that the EV data did not conform to 
normality. Figure 1 presents the histogram plots for EI, while Figure 2 shows the histogram plots 
for EV for each patch size. 
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Figure 1. Echointensity histograms derived from the original ROI of the ultrasound image of the gastrocnemius medialis muscle. The x-axis 
represents the echointensity values, while the y-axis indicates the frequency of occurrence. (a) Histogram for 10×10 pixel patches, (b) 20×20 
pixel patches, (c) 30×30 pixel patches, (d) 40×40 pixel patches and (e) 50×50 pixel patches.

Figure 2. Echovariation histograms derived from the original ROI of the ultrasound image of the gastrocnemius medialis muscle. The x-axis 
represents the echovariation values, while the y-axis indicates the frequency of occurrence. (a) Histogram for 10×10 pixel patches, (b) 20×20 
pixel patches, (c) 30×30 pixel patches, (d) 40×40 pixel patches and (e) 50×50 pixel patches.
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On the one hand, since the EI values followed a normal distribution, the mean and standard 
deviation were used to describe the data. Kendall's correlation coefficient yielded a value of 
-0.4, indicating no significant correlation between the mean EI and its standard deviation. Fig-
ure 3 illustrates the EI and standard deviation variations for each patch size. Both parameters 
remained relatively stable across the different patches, with values approaching the 81.89 value 
of the EI of the original ROI.

Figure 3. Line graph illustrating the mean and standard deviation values of echointensity for each patch size. The X-axis represents the patch 
sizes, while the Y-axis indicates the corresponding values of the mean and standard deviation of echointensity. The blue line represents the 
mean and the orange line the standard deviation.

On the other hand, the EV values followed a non-normal distribution, which made it necessary 
to use the median and IQR to summarize the data. In addition, Kendall's correlation coefficient 
yielded a value of 1, indicating a perfect correlation between median EV and IQR values. Figure 
4 illustrates the variations of median EV and IQR in the histograms for the predefined patch 
sizes. The highest median EV value (26.48) was observed at the 50×50 patch size, which was 
still substantially lower than the EV value of 45.54 of the original ROI. In addition, the dispersion 
values indicate that smaller patch sizes showed the lowest IQR, while larger patch sizes showed 
an increasing IQR (Figure 4). Therefore, as the patch size increases, both the dispersion and the 
median EV increase, progressively approximating the EV value of the original ROI.

Figure 4. Line graph illustrating the median and interquartile range (IQR) values of echovariation for each patch size. The X-axis represents 
the patch sizes, while the Y-axis indicates the corresponding values of the median and IQR of echovariation. The blue line represents the 
median and the orange line the IQR.
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The median EV values extracted from the histograms were plotted on the function derived from 
the study by Asadi et al.(20) In our case study, the results revealed a clear trend: as patch size de-
creased, median EV shifted toward values characteristic of more affected regions; conversely, as 
patch size increased, median EV approached the EV value of the original ROI (Figure 5).

Figure 5. Visualization of the median values of echovariation (EV) extracted from the histograms for different patch sizes, represented in the 
function of the study by Asadi et al. (20). From left to right: 45.54 represents the original ROI, 26.48 corresponds to the 50×50 patch, 24.58 to 
the 40×40, 20.44 to the 30×30, 16.78 to the 20×20, and 10.38 to the 10×10 pixel.

4. Discussion

Numerous studies have employed histogram-based approaches to extract quantitative features 
from ultrasound images. Some researchers have refined this methodology by segmenting the 
image in different ROIs before applying histogram analysis to improve diagnostic accuracy and 
interpretability(31, 32). This segmentation-based approach allows a localized assessment of tis-
sue features, which is particularly valuable in medical imaging. To our knowledge, no previous 
studies have explored whether dividing the ROI into patches produces different results than 
analyzing the entire ROI, which remains the most commonly used method in histogram-based 
analysis. Furthermore, to our knowledge and our findings, no research has examined how patch 
size influences histogram-derived outcomes when applying a patch-based approach. The pro-
posed methodology could provide a more representative characterization of muscle tissue and 
improve the reliability of comparisons between studies with similar objectives.

In this study, we integrate histogram-based analysis with a patch-based dividing strategy of the 
ROI, which included the maximal amount of muscle tissue in the gastrocnemius medialis. Our 
results indicate that mean EI values calculated from patches accurately reflect the EI of the orig-
inal ROI. In contrast, the median EV values obtained from patches do not reliably represent the 
EV of the original ROI. This discrepancy is critical, as previous research has successfully clas-
sified muscle tissue characteristics in stroke patients based on EV values(20). If the EV values 
of smaller patches deviate significantly from the actual EV of the original ROI, questions arise 
about the reliability of using the mean EV values of patches for clinical or diagnostic purposes. 
Our results suggest that relying on the median EV of smaller patches could lead to misinterpre-
tations, as these values may not accurately reflect the severity of muscle impairment(20). 

Regarding the standard deviation or IQR values, our analysis demonstrates that, for the EI fea-
ture, there are no differences in the standard deviation values extracted from the patched ROI 
compared to the original ROI. However, for the EV feature, there is a systematic increase in the 
IQR as the patch size increases. This finding is crucial, as it suggests that changes in patch size 
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influence the statistical representation and, consequently, the interpretation of EV on ultra-
sound images, which has been defined as a relevant ultrasonographic objective indicator in 
previous studies for different neurological populations(19, 20). Consistent with our findings, sever-
al previous studies have explored how different methods of segmenting ROIs within the same 
ultrasound image may affect, for example, the performance of automated tumor selection al-
gorithms(33) or luminal contour detection in intravascular ultrasound(34).

A limitation of our study is that the analysis was performed on a single ultrasound image and 
only analyzed in a ROI size, which included the maximal amount of muscle tissue. Although 
the results of this methodology suggest a clear pattern and indicate that the EI feature can be 
used reliably, unlike EV, further studies are needed to validate these findings. Future research 
should include comparisons using more images for each patch size and assess the impact of 
different ROI sizes within the same image. In addition, it is essential to investigate whether a 
standardized patch division strategy across an entire dataset could improve the classification 
of ultrasound images by correlating the results with validated tools such as the Heckmatt scale. 
A uniform approach could allow for more consistent feature extraction and improve differentia-
tion between healthy and affected tissues. These studies are crucial to determine whether this 
methodological framework could improve the diagnostic value of echotexture analysis, partic-
ularly for the EV feature.

5. Conclusion

This study explored a complementary patch-based histogram analysis to assess muscle tissue 
characteristics in ultrasound images, focusing on EI and EV features. Our findings indicate that 
the EI values from divided patches closely align with the original ROI's, supporting their stability 
as a valuable muscle tissue characterization indicator. However, EV values from smaller patches 
deviate significantly from the original ROI, raising questions about its reliability for clinical ap-
plications, as the variations in ROI division influence its statistical representation. Although this 
study is limited to a single ultrasound image in a single ROI size, the results underscore the need 
for standardized methodologies in histogram-based analysis and further research to refine the 
use of EV in diagnostic applications of ultrasound imaging.
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Supplementary material

Figure S1. Original ROI of the whole muscle segmented into 10*10 pixel patches.

Figure S2. Original ROI of the whole muscle segmented into 20*20 pixel patches.
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Figure S3. Original ROI of the whole muscle segmented into 30*30 pixel patches.

Figure S4. Original ROI of the whole muscle segmented into 40*40 pixel patches.
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Figure S5. Original ROI of the whole muscle segmented into 50*50 pixel patches.
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