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 A B S T R A C T

The study of vertebrate footprints provides useful information on animal behavior, locomotion, and ecology. 
However, automatically classifying these records using photographs is difficult due to the significant morpho-
logical variation in footprints and the lack of readily available labeled datasets. To address this issue, this 
study developed Deep Tracks, a novel Unity application to procedurally create a dataset of simulated footprint 
images. Two datasets were used to evaluate the influence and impact of the simulated dataset on real footprint 
classification: (1) a dataset comprising 40,000 simulated footprints, (2) approximately 1,500 real vertebrate 
footprints from 10 different vertebrate groups. Both simulated and real footprints belong to the following 
clades: Mammalia (coyotes, foxes, bears, otters, squirrels, raccoons, deer), avian Dinosauria (turkeys) and 
non-avian Dinosauria (theropods, sauropods). Convolutional Neural Networks (CNNs) were used to classify 
the different datasets either from the simulated or real footprints. An initial comparison of five different 
architectures (DenseNet-121, ResNet-18, ResNet-50, EfficientNet-b0, and InceptionNet-v3) was done using the 
simulated dataset, with EfficientNet-b0 presenting better metrics results. Seven experimental configurations 
were designed to evaluate different strategies for incorporating the real data into the model development. The 
first configuration involved training and testing exclusively on real footprints, without any simulated data. 
The second configuration trained the model on real data, but tested it on simulated footprints. The third 
configuration used transfer learning to fine-tune a CNN, initially trained on simulated data, for classifying 
real footprint images. The remaining four configurations incorporated simulated data into the training process 
alongside a fixed percentage of real data — 20%, 50%, 80%, or 100%. The application of fine-tuning led to an 
accuracy improvement of over 30% in classifying real footprints, compared to a CNN trained solely on real data. 
These results highlight the significance of advanced data augmentation techniques in improving both accuracy 
and reliability in vertebrate footprint classification, particularly in scenarios with limited real data availability.
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1. Introduction

The study of vertebrate footprints – whether of living animals or 
fossils – offers insights into the behavior, distribution and displace-
ment of their producers, as footprints capture traces of animals in 
motion. They enable paleobiological interpretations regarding taxo-
nomic identity, limb anatomy, locomotion (including posture, gait, and 
trackmaker speed), and social structure (Lockley, 1986, 1998; Buatois 
and Mángano, 2011; Romano and Whyte, 2012; Buatois and Mángano, 
2016; Milàn et al., 2016; Toledo and Arregui, 2023; Falkingham, 2025; 
Díaz-Martínez et al., 2023). Therefore, the study of footprints helps 
understanding both modern and ancient ecosystems (Lockley, 1986, 
1998; Buatois and Mángano, 2011; Romano and Whyte, 2012; Buatois 
and Mángano, 2016; Milàn et al., 2016; Toledo and Arregui, 2023). 
For extant species, footprints serve as non-invasive biometric markers 
that can be used to monitor population dynamics, landscape use, and 
species distribution without disturbing the animals (e.g., Jewell and 
Alibhai, 2013; Riordan, 1998). Fossil footprints, on the other hand, 
provide complementary data to skeletal remains by revealing informa-
tion on behavior, posture, and substrate interaction— details often not 
available in the body fossil record (e.g., Lockley, 1998; Lallensack et al., 
2022).

Despite their potential, the broader application of vertebrate foot-
print analysis has been limited by the scarcity of extensive, high-
quality, and well-annotated datasets. Traditional manual measurements 
are labor-intensive, subjective, and struggle to capture the inherent 
variability introduced by substrate differences, preservation conditions, 
and environmental factors (Russell et al., 2009; Geng et al., 2012; Jew-
ell and Alibhai, 2013; Milàn et al., 2016; Frey, 1975; Belvedere et al., 
2018; Bennett and Budka, 2018; Marchetti et al., 2019). Moreover, in-
terpreting footprint morphology is often challenging due to weathering, 
erosion, and, in the case of extant vertebrates, due to the difficulty 
of precisely correlating prints with the trackmaker’s anatomical struc-
tures. For example, Russell et al. (2009) noted that automated track 
recognition methods often struggle due to the scarcity of large-scale, 
accurately labeled footprint datasets, which are essential to capture 
the full variability inherent in natural prints. Similarly, Geng et al. 
(2012) highlighted the challenges in collecting and annotating footprint 
images – especially for small species – due to issues such as degrada-
tion and variability in substrate conditions, which complicate reliable 
classification. Lallensack et al. (2022) also emphasized that the scarcity 
of comprehensive, high-fidelity datasets limits the performance of ma-
chine learning techniques in discriminating between morphologically 
similar track types. Additionally, Lockley (1998) emphasized that while 
the fossil footprint record is abundant, its utility is undermined by 
inconsistent preservation and annotation practices, thereby restricting 
its broader application in both ecological and paleobiological research. 
Collectively, these studies illustrate the need for standardized, large-
scale, and correctly annotated datasets to fully reach the potential of 
vertebrate footprint analysis.

Recent advances in simulation, deep learning and synthetic data 
generation offer promising approaches to overcome these challenges. 
For instance, Bonetto et al. (2023) introduced Generating Realistic And 
Dynamic Environments (GRADE) – a highly customizable framework 
based on NVIDIA IsaacSim – that generates realistic and dynamic 
virtual environments. By allowing precise control over simulation pa-
rameters such as lighting, physics, and asset placement, GRADE has 
been shown to significantly reduce the gap between synthetic and real-
world data. It does so by simulating animated humans to improve 
human detection and segmentation, thereby improving the robustness 
of models on a subset of the COCO-Humans dataset (Lin et al., 2014). 
Building on this concept, Bonetto and Ahmad (2023) showed the 
effectiveness of synthetic data in the detection of zebras in aerial 
drone imagery. Their approach used the GRADE framework to produce 
richly annotated datasets that capture the inherent variability of natural 
scenes, leading to object detectors that outperform those trained on 
2 
limited real-world data alone. Models trained exclusively on synthetic 
data outperformed COCO-pretrained models on all but one dataset, 
achieving performance improvements ranging from approximately 20% 
to 45% in average precision at an Intersection over Union threshold 
of 0.50. This study highlights the potential of simulation pipelines to 
overcome the challenges of data scarcity and annotation errors that 
commonly affect wildlife monitoring efforts.

Furthermore, Vierbergen et al. (2023) showed that a carefully en-
gineered synthetic pipeline can effectively bridge the sim-to-real gap 
in challenging detection tasks. In their study on automated Calen-
dula flower harvesting, the authors generated synthetic data through 
photogrammetry, and a dedicated flower field simulator, achieving 
an F1-score (the balance between recall and precision) of up to 86% 
on real datasets despite training exclusively on synthetic images. This 
result highlights how environmental variability – such as changes in 
illumination and substrate – can be modeled in simulation to build 
robust detectors.

In recent work on animal pose estimation, researchers have ad-
dressed the domain adaptation challenge using complementary ap-
proaches. For example, Cao et al. (2019) dealt with the domain adap-
tation problem by transferring pose knowledge from extensive human 
pose datasets to unlabeled animal images. Their cross-domain adapta-
tion technique mitigated the severe domain shift between human and 
animal images, thereby allowing more accurate estimation of animal 
poses with minimal labeled animal data. This approach highlights 
the importance of using shared anatomical features across species to 
improve model performance in ecological applications. Similarly, Mu 
et al. (2020) proposed a method that learns from synthetic animals gen-
erated from Computer-Aided Design (CAD) models. Their consistency-
constrained semi-supervised learning framework utilizes both spatial 
and temporal consistencies to bridge the domain gap between synthetic 
and real images. By incorporating pseudo-labels derived from high-
confidence predictions, their method achieves competitive performance 
in keypoint detection and animal parsing, even when real image labels 
are scarce.

Building on similar principles, replicAnt Plum et al. (2023) provided 
a comprehensive simulation pipeline implemented in Unreal Engine 
5 (Epic Games, Inc., North Carolina, USA) that generates large-scale, 
annotated image datasets of animals in complex environments. By au-
tomating the annotation process and introducing extensive variability 
in appearance, pose, and lighting, replicAnt significantly reduced the 
need for hand-labeled data. The synthetic datasets produced using 
replicAnt have been successfully applied to train deep neural net-
works for animal detection, tracking, pose estimation, and semantic 
segmentation, thereby improving model robustness and domain invari-
ance. Notably, in object detection tasks, YOLOv4 (Bochkovskiy et al., 
2020) models trained solely on synthetic data achieved up to 91% 
mean Average Precision (mAP), outperforming real-only models (which 
reached up to 88%). Mixed models combining synthetic with limited 
real data achieved the highest performance with up to 93% mAP. This 
highlights the effectiveness of using information from both synthetic 
and real-world samples.

The current literature illustrates the potential of simulation-based 
approaches and cross-domain adaptation in different ecological prob-
lems. We hypothesized that similar performance gains could be achieved
in vertebrate footprint classification. This study is the first to train 
multiple convolutional neural networks (CNNs) on a large Unity-
generated (Unity Technologies, 2024) synthetic dataset, capturing vari-
ations in footprint shape, substrate texture, and lighting. These CNNs 
integrate real data through different learning strategies, including pre-
training on synthetic images followed by fine-tuning on a smaller 
real-world dataset. This approach enhances classification accuracy 
while improving the scalability and reliability of ecological monitoring.

By combining insights from both extant and extinct footprint stud-
ies, our work highlights the dual utility of footprint analysis. Both fossil 
and modern footprints contain key information for the study of animal 
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Fig. 1. Examples of real vertebrate footprints that were used to train the models, illustrating variation in morphology across the taxa. A- bear, B- coyote, C- deer, 
D- fox, E- turkey, F- otter, G- squirrel, H- raccoon, I- sauropod natural cast, J-theropod.
Source: A-H were retrieved from Shinoda and Shiohara (2024), I was retrieved from Díaz-Martínez et al. (2023), and J was retrieved from Castanera et al. (2015).
behavior. With fossil footprints mainly contributing to our understand-
ing of locomotion, behavioral evolution, and environmental conditions 
in deep time (Lockley, 1998). Whereas modern footprints provide 
real-time data on species presence, species identity, and population 
dynamics (Riordan, 1998; Jewell and Alibhai, 2013). To our knowl-
edge, this is the first study to develop a synthetic footprint creation 
tool, named Deep Tracks, for the purpose of vertebrate classification. 
Using Deep Tracks, we generated a large-scale simulated dataset that 
contributes 40,000 images to assist in model pre-training for vertebrate 
classification. This study is also the first study that created a general 
automatic classifier of vertebrate footprints images, including both 
extant and extinct vertebrates and using fine-tuning.

2. Materials and methods

2.1. Data collection and simulation

The approach adopted in this study integrates simulated and real 
vertebrate footprints to train and evaluate a CNN across 10 broader an-
imal classes — bears, coyotes, deer, foxes, otters, raccoons, sauropods, 
squirrels, theropods, and turkeys. Two main sources of images were 
compiled, firstly, a simulated dataset generated under systematically 
varied conditions, secondly, a real-footprint dataset gathered from 
previously published sources (Shinoda and Shiohara, 2024; Marty et al., 
2010; Faria dos Santos et al., 2024; Sciscio et al., 2023, 2022; Razzolini 
et al., 2017; Sciscio et al., 2016, 2017; Abrahams et al., 2017, 2020; 
Razzolini et al., 2016, 2014; Lockley and Meyer, 1998; Martill et al., 
2024; Díaz-Martínez et al., 2015, 2023; Castanera et al., 2020, 2023, 
2011, 2012, 2014, 2015; Paratte et al., 2017, 2018a,b, 2017; Castanera 
et al., 2016a,b- Fig.  1). Each class in the simulated dataset included 
3000 training images and 1000 validation images. The real dataset 
contained 100 to 213 training images per class. Both datasets assigned 
75% of the images to training, and the remaining 25% to validation 
(Table  1).

2.2. Deep tracks: procedural image generation

To overcome limitations related to the availability of real foot-
print picture datasets, Deep Tracks was developed for the procedural 
generation of realistic animal footprints. For this task, we used the 
3 
Unity Engine, due to its flexible 3D rendering capabilities, accessibility, 
and integration with C# for scripting. The final software leverages 
Unity’s 3D built-in tools, like its flexible terrain system, to simulate 
diverse environmental conditions, based on template footprint textures 
provided by the user.

Users have extensive control over image generation parameters via 
a user interface that includes adjustable footprint dimensions (size 
and depth), substrate texture, image resolution, the maximum number 
of footprints per image, camera orientation (including randomized 
angles), lighting conditions (Sun’s position), and mold options (regular 
mold or counter-mold) (Fig. S1). This controlled diversity allowed the 
synthetic images to capture some of the morphological and contextual 
variations often seen in field-collected footprints (Fig. S2).

During footprint simulation, Unity’s terrain height map is manipu-
lated using the footprint textures. The textures consisted of grayscale 
images with a maximum of 50 × 50 pixels — larger images added 
negligible detail to the imprint while increasing the computational 
cost. The textures are randomly rotated, scaled, and positioned onto 
terrains, with additional variability introduced through random offsets 
and tiling adjustments. Environmental realism is further enhanced by 
simulated lighting and weather effects that alter the terrain appearance. 
The application supports creating both realistic and simplified visual 
outputs including grayscale and silhouette (grayscale) representations.

For each generated footprint image, a metadata file is output along 
with the image, recording the simulation parameters. This includes the 
animal footprint type and dimensions (size, depth), terrain substrate, 
and other relevant data. This facilitates detailed analysis and repro-
ducibility of the simulation, as well as serving as useful input for model 
training. Deep Tracks is openly accessible for the research community 
in Mota et al. (2025).

The simulated dataset created by Deep Tracks aimed to address the 
limited availability and inherent variability of real vertebrate footprint 
samples. By systematically controlling substrate properties, and track-
maker morphology in the Unity-based simulation, we generated diverse 
footprints capturing morpho-dynamic variations that are difficult to 
obtain empirically. This dataset was used both to augment real data 
during model training and to assess how simulated variations influence 
classification performance, demonstrating its utility as a controlled 
proxy for real footprints in scenarios of data scarcity. Fig.  2 compares 
examples of simulated and real footprints.
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Table 1
Overview of the simulated and real datasets used for each footprint class, including training and validation splits.
 Class Simulated data (training) Simulated data (validation) Real data (training) Real data (validation) 
 Bear 3,000 1,000 200 66  
 Coyote 3,000 1,000 129 43  
 Deer 3,000 1,000 204 68  
 Fox 3,000 1,000 135 45  
 Turkey 3,000 1,000 116 39  
 Otter 3,000 1,000 105 35  
 Squirrel 3,000 1,000 213 71  
 Raccoon 3,000 1,000 210 70  
 Sauropod 3,000 1,000 195 65  
 Theropod 3,000 1,000 158 54  
Fig. 2. Examples of real and simulated vertebrate footprints that were used to train the models, illustrating different scenarios and similarities between simulated 
and real data.
Source: A- simulated bear, B- real bear, C- simulated fox, D- real fox, E- simulated theropod, F- real theropod, G- simulated turkey, H- real turkey. B, D, and H 
were retrieved from Shinoda and Shiohara (2024), F was retrieved from Paratte et al. (2018b).
2.3. Simulating footprint textures

The simulation process begins by inputting black-and-white foot-
print silhouettes, each with a maximum width or height of 50 pixels 
(Fig.  3, top left). The silhouettes were obtained through previously 
published animal guides and studies (e.g., Olsen, 2013; Walker, 1996; 
Hanson and Hanson, 2023; Sanz et al., 2004; Santos et al., 2009; Tor-
cida Fernández-Baldor et al., 2021; Castanera et al., 2018). To increase 
variability within each animal class, random grayscale points were 
added with their intensity values being drawn from a normal distribu-
tion, 𝑈 (0, 255), and their position from 𝑈 (𝑚𝑖𝑛(𝑤𝑖𝑑𝑡ℎ, ℎ𝑒𝑖𝑔ℎ𝑡), 𝑚𝑎𝑥(𝑤𝑖𝑑𝑡ℎ,
ℎ𝑒𝑖𝑔ℎ𝑡)) (Fig.  3, all except top left).

The modified silhouettes were then input into Deep Tracks, where 
the simulation’s goal was to add noise and variability when creating 
the simulated images. The application used a uniform distribution to 
randomly select variables, including the silhouette to imprint on the 
soil, mold or counter-mold type, soil type and humidity, footprint 
depth, size, position, rotation, Sun position, and both camera posi-
tion (physical location of the camera relative to the soil) and angle 
(orientation of the camera relative to the surface).

In our synthetic data generation process, each footprint is ‘‘im-
printed’’ in a background texture that simulates soil or ground surfaces. 
These textures, referred to as ‘‘soil images’’, are not derived from real 
photographs but instead originate from procedural and texture-based 
materials used within the Unity game engine. The soil dataset includes 
4 
Fig. 3. An example of a wolf footprint silhouette after the addition of 
grayscale points to the original silhouette (top left). The grayscale intensity 
values, position and size was selected randomly following Uniform distribu-
tion.
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a variety of textures that represent different surface types (e.g., sand, 
mud, compact dirt, rock), each with distinct visual properties. Each 
texture is represented as a 2D image indexed by 𝑖, denoted as 𝑠𝑖(𝑥, 𝑦), 
where 𝑥 and 𝑦 correspond to pixel positions in the image.

Before imprinting the silhouette, the soil was normalized using the 
equation: 

𝑠̃𝑖(𝑥, 𝑦) =
𝑠𝑖(𝑥, 𝑦) − 𝑠min(𝑥, 𝑦)

𝑠max(𝑥, 𝑦) − 𝑠min(𝑥, 𝑦)
, (1)

where 𝑠̃𝑖(𝑥, 𝑦) is the normalized value of the soil data at position (𝑥, 𝑦)
for sample 𝑖, 𝑠𝑖(𝑥, 𝑦) is the original value at that position, and 𝑠min(𝑥, 𝑦)
and 𝑠max(𝑥, 𝑦) are the minimum and maximum values across all soil data 
at that position, respectively.

In addition to generating simulated images, corresponding black-
and-white silhouette images were created for each simulated image. 
These silhouettes were produced using a white layer (pixel values of 
1) that turned black (pixel values of 0) where soil distortion occurred 
(e.g., where a footprint was imprinted). The silhouette creation process 
is defined as: 

𝑆(𝑥, 𝑦) =

{

0 if 𝐷(𝑥, 𝑦) ≥ 𝑇
1 if 𝐷(𝑥, 𝑦) < 𝑇 ,

(2)

where 𝑆(𝑥, 𝑦) is the new silhouette value at position (𝑥, 𝑦), 𝐷(𝑥, 𝑦) is the 
soil deformity measure (e.g., depth or pressure) at position (𝑥, 𝑦), and 
𝑇  is a threshold value that determines the boundary between deformed 
and non-deformed areas.

Through the use of the newly simulated silhouettes 𝑆, the bounding 
box for the simulated footprints was obtained and the simulated images 
were cropped to contain only the relevant information of the image 
(Fig.  4). The simulated silhouettes were used to extract bounding boxes 
around the footprints, ensuring that simulated images contained only 
relevant footprint information. This step helped align the simulated 
dataset with the real footprint dataset (as the real images were cropped 
around the footprints). Additionally, to further enhance realism – par-
ticularly for fossil footprints (sauropod and theropod) – the synthetic 
images were randomly processed into three variations. Firstly, the orig-
inal footprint with a white background, secondly, the original footprint 
with a black background, and lastly, the unmodified synthetic image. 
These variations simulated different fossil preservation contexts, such 
as curated specimens in collections (variations 1 and 2) or footprints 
observed in the field (variation 3).

2.4. Experimental configurations

Seven experimental configurations were designed to evaluate the 
CNN performance when transitioning from simulation-only training, 
mixed real and simulated training, and real-only training scenarios (Fig. 
5). In real-only training (Fig.  5 - config. A), a model was trained from 
randomly initialized weights, solely on the real dataset, without using 
simulated data.

In real and simulated mixed training (Fig.  5 - config. B-E), models 
were trained using all of the simulated data and a certain percentage 
of real training data (20%, 50%, 80%, 100%). Lastly, in simulation-
only training (Fig.  5 - config. F and G) the model was trained on the 
simulated dataset (3000 images per class). In the first configuration 
(Fig.  5 - config. F), the trained model was tested on the real validation 
dataset to assess how well synthetic training footprints generalized to 
real examples. In the second configuration (Fig.  5 - config. G), the pre-
trained model was fine-tuned on the real training set and validated on 
the real validation set. Additionally, the validation dataset was kept 
fixed across all configurations to maintain comparability of accuracy 
results. The impact of simulated training dataset size on the fine-tuning 
approach was assessed by training models using 500, 1000, 2000, and 
3000 images per class and by evaluating their performance.
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2.5. Data pre-processing and neural networks

Initial model training compared five CNN architectures - DenseNet-
121 (Huang et al., 2017), ResNet-18 (He et al., 2016), ResNet-50 (He 
et al., 2016), EfficientNet-b0 (Tan and Le, 2019), and InceptionNet-
v3 (Szegedy et al., 2016). The dataset used for the initial model 
selection was the simulated dataset, which included 3000 training 
images and 1000 validation images for each of the 10 classes. The archi-
tectures were configured for multi-class classification by replacing the 
final layer with a linear layer outputting predictions for 10 classes. All 
of the off-the-shelf architectures that were used for comparisons were 
pretrained on ImageNet (Deng et al., 2009) to accelerate convergence. 
We did not include a Softmax layer since the loss function used was 
the Pytorch (Paszke et al., 2019) cross-entropy loss function, which 
internally applies the log-softmax transformation. The cross-entropy 
loss function used in during the classification task is given by 

(𝐱, 𝑦) = − log

(

exp(𝑥𝑦)
∑𝐶

𝑗=1 exp(𝑥𝑗 )

)

, (3)

which can be rewritten as 

(𝐱, 𝑦) = −𝑥𝑦 + log

( 𝐶
∑

𝑗=1
exp(𝑥𝑗 )

)

, (4)

where 𝐱 = [𝑥1, 𝑥2,… , 𝑥𝐶 ] is the vector of raw logits produced by the 
model, 𝑥𝑦 is the logit corresponding to the true class 𝑦, and 𝐶 is the 
total number of classes.

All images were normalized and resized to 224 × 224 pixels (to align 
with the model’s input size requirements), except for InceptionNet-v3, 
which required 299 × 299 pixels.

Different data augmentation techniques were evaluated, and the 
final models applied random rotation with a probability of 0.2. All 
images were normalized prior to modeling. Preliminary experiments 
revealed that the optimal batch size was 32. Following preliminary 
experimentation, the Adam optimizer (Kingma and Ba, 2014) with a 
learning rate of 0.001 was selected to train the models. All model 
configurations were set to run for 30 epochs, where early stopping 
was performed if two consecutive epochs resulted in a decrease of the 
validation accuracy (Hussein and Shareef, 2024). Additionally, none of 
the models’ layers were frozen during training.

Model performance was evaluated using accuracy (the ratio of 
correct predictions to total samples), precision (the proportion of true 
positives among all positive predictions), recall (the proportion of true 
positives among all actual positive samples), F1-score (the harmonic 
mean of precision and recall), and the normalized confusion matrix. 
Systematic comparisons across the seven configurations assessed the 
generalizability of synthetic footprints to real images, and the impact 
of adding real data to the training set on final model performance. 
Energy consumption and memory usage were evaluated across the 
different architectures and across the different configurations, where 
the validation dataset was always the real data validation dataset.

All image pre-processing, modeling, and evaluation were performed 
using Python (Python Software Foundation, 2023) (version 3.12.7). 
The PyTorch library was used for modeling, including fine-tuning, 
training, validation, and testing. Image pre-processing was conducted 
with OpenCV (Itseez, 2015). Energy consumption was obtained by the 
Codecarbon library (Benoit Courty et al., 2024) and memory usage 
was measured by the psutil library (Loden and Rodolà, 2024). The 
CNNs were trained on an NVIDIA GeForce RTX 4060 Ti GPU and 
the image pre-processing was done using Intel(R) Core(TM) i5-13400 
CPU. Experiments were conducted on a computer running (Windows-
11-10.0.26100-SP0) with 32 GB RAM.
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Fig. 4. An example of the pre-processing steps done for the simulated images. A- silhouette used to simulate footprints, fed to the application and ‘‘printed’’ on a 
randomly selected soil image, B- resulting simulated image, C- resulting black and white version of the footprint simulated, D- simulated image with the obtained 
bounding box, E- footprint image obtained after the removal of the information outside the bounding box.
Fig. 5. Schematic representation of the seven different experimental configurations. A and B both use the full training real image dataset, with B also including the 
simulated dataset in the training. C, D and E correspond to training combining the simulated dataset with a fixed fraction of the real training data — 20%, 50%, 
80%, respectively. F (no fine-tuning) and G (fine-tuning) are both initially trained using only simulated images. G uses the model pre-trained on the simulated 
data, and fine-tunes it to the real images. Both F and G are evaluated on the real validation dataset.
3. Results

Using Deep Tracks, 40,000 synthetic images and their correspond-
ing black and white representations were generated. This took ap-
proximately 10 h, averaging 0.9 s per footprint. The processed images 
exhibited substantial variability in backgrounds and styles (Fig.  6). For 
example, Fig.  6 – sub-figure I features a black background – a deliberate 
artifact of the post-simulation process, where fossil footprints were 
randomly assigned a black background to simulate curated specimens 
from collections.

The findings revealed that EfficientNet-b0, the model with the 
least network parameters, performed best, achieving 97.0% accuracy 
on the simulated validation dataset, while ResNet-50 had the lowest 
accuracy at 91.7% (Fig.  7). EfficientNet-b0 converged quickly and had 
the highest performance after the first epoch. The energy consumption 
and RAM usage results indicate that ResNet-18 had the lowest energy 
consumption, emitting 0.0053 kilograms of carbon dioxide equivalent 
(kgCO2eq) per five epochs of training, while EfficientNet-b0 had the 
lowest RAM usage, requiring 957.8 megabytes (MB) to train for five 
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epochs (Table  2). In contrast, Inception exhibited the highest values for 
both metrics, consuming 0.011 kgCO2eq per five epochs of training and 
using 1,068.66 MB of RAM over the same training duration. After five 
epochs of training, EfficientNet-b0 achieved the highest accuracy on 
both the training and validation datasets, exceeding 95% in both cases. 
In contrast, ResNet-50 performed the worst, with accuracy remaining 
below 55% (Table  2). Additional performance metrics are presented in 
Fig. S3.

The performance of EfficientNet-b0 across the different experimen-
tal configurations revealed that the highest validation accuracy was 
achieved in config. G (74.0%), and the next best result was obtained 
by config. B (72.4%) (Fig.  8). In contrast, the worst performance was 
observed in config. A (36.0% accuracy) or in config. F (24.0% accuracy) 
(Fig.  8).

The energy consumption and RAM usage obtained showed that the 
experimental configuration with less energy consumption was config. 
A (0.00031 kgCO2eq per five epochs of training), and that the model 
config. F used less RAM (936.7 MB of RAM) to run five epochs of 
training (Table  3). The configuration that presented the highest energy 
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Fig. 6. Examples of simulated vertebrate footprints from Deep Tracks. A- bear, B- coyote, C- deer, D- fox, E- turkey, F- otter, G- squirrel, H- raccoon, I- sauropod, 
J-theropod.
Table 2
Energy consumption in kgCO2eq, and RAM usage, across different network architectures after five training epochs.
 Configuration Energy consumed (kgCO2eq) Final RAM (MB) Train accuracy (%) Val accuracy (%) 
 EfficientNet-b0 0.0072 957.81 96.27 95.14  
 ResNet50 0.0095 1,042.30 54.78 51.95  
 ResNet18 0.0053 1,039.42 93.52 91.95  
 DenseNet121 0.0099 1,052.74 93.36 92.00  
 Inception 0.0110 1,068.66 95.18 94.28  
 

Fig. 7. Accuracy percentages achieved by the different CNN architectures 
trained and validated on the simulated dataset. The number of training 
epochs varied due to the application of early stopping, as described in the 
methodology section.

consumption values (0.0065 kgCO2eq per five epochs of training) was 
the model trained on config. F; the model with higher usage of RAM 
was config. B, using 977.9 Mb of RAM to run the five epochs of training 
(Table  3). The accuracy after the five epochs of training showed that 
the best configuration for both validation and training dataset was 
config. G, with an accuracy of 96.8% on the training and 70.8% for the 
validation. The worst configuration was the model using config. F, with 
the validation accuracy not reaching values higher than 21% (Table  3). 
Additional performance metrics are presented in Fig. S4 and the best 
metric results are presented in Table S1.

Analyzing the performance of different EfficientNet-b0 models across
varying sizes of simulated training datasets, the best results were 
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achieved using 2000 simulated images during the initial training phase. 
This configuration yielded an accuracy of 97.0% on the simulated 
validation dataset and 76.0% on the real validation dataset (Fig.  9). Ad-
ditional performance metrics are presented in Fig. S5 for the simulated 
footprints dataset, and in Fig. S6 for the real footprints dataset.

In the best-performing configuration (config. G, using only 2000 
simulated images per class), the model correctly classified over 70% 
of images for all classes except coyote, fox, otter, and theropod (Fig. 
10). The highest accuracies were observed for bear (85%), deer (82%), 
and sauropod (82%). The most common misclassifications were: (1) 
theropod as sauropod, (2) otter as raccoon, (3) squirrel as raccoon, (4) 
coyote as fox, (5) otter as fox, (6) otter as squirrel, (7) sauropod as 
theropod (Fig.  10).

Considering the top-2 predicted classes – i.e., the two most probable 
classes output by the model – an accuracy of 86.6% was achieved on 
the validation dataset. The only class with a proportion below 75% was 
the otter, which continued to be frequently misclassified as a raccoon 
or as a squirrel (Fig.  11).

4. Discussion

Among the architectures evaluated, EfficientNet-b0 outperformed 
InceptionV3, ResNet50, ResNet18, and DenseNet121 in footprint clas-
sification. This superior performance can be related to its compound 
scaling strategy, which simultaneously optimizes depth, width, and 
resolution, allowing a more effective capture of the morphological 
features inherent to both simulated and real footprint data. In contrast, 
more complex models tended to overfit or struggled with the high 
variability and limited quantity of real samples, leading to suboptimal 
generalization. EfficientNet-b0’s relatively lower parameter count (5.3 
million compared to 11.7–25.6 million in the other models) and ef-
ficient architecture allowed it to extract discriminative features with 
greater precision, making it particularly suited for vertebrate footprint 
classification.
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Fig. 8. Validation accuracy percentages achieved for the different experimental configurations evaluated on the real dataset. Config. G obtained the highest 
performance. The epochs of training varied due to the application of early stopping, which was described in the methodology section. See Fig.  5 for details on 
the different configurations.
Fig. 9. Accuracy percentages for the different simulated training sizes. A- validation accuracy for the simulated validation dataset, B- validation accuracy for 
the real validation dataset, during fine-tuning. The epochs of training varied due to the application of early stopping, which was described in the methodology 
section.
Table 3
Energy consumption in kgCO2eq and RAM usage for EfficientNet-b0 across different experimental configurations evaluated after five training epochs.
 Configuration Energy consumed (kgCO2eq) Final RAM (MB) Train accuracy (%) Val accuracy (%) 
 Config. A 0.00031 959.64 30.40 33.74  
 Config. B 0.00610 977.89 95.17 64.63  
 Config. C 0.00600 953.43 95.05 62.37  
 Config. D 0.00600 968.54 95.44 57.27  
 Config. E 0.00600 964.93 95.82 47.40  
 Config. F 0.00650 936.68 28.75 20.93  
 Config. G 0.00050 970.96 96.82 70.76  
8 



C.S. Marques et al. Ecological Informatics 93 (2026) 103523 
Fig. 10. Normalized confusion matrix showing the top-1 predictions for 
config. G.

Fig. 11. Normalized confusion matrix showing the top-2 predictions for 
config. G.

Our results show the effectiveness of including simulated data in 
various configurations to improve model performance in footprint clas-
sification tasks. It is important to note that while most configurations 
show an overall increase in validation accuracy across epochs, some 
curves present fluctuating or declining trends after the initial increase, 
particularly those combining limited real data with simulated data. This 
may reflect overfitting to specific features in the simulated dataset, 
discrepancies between simulated and real data distributions, or the 
small size of the real dataset affecting generalization. The use of early 
stopping was intended to mitigate these effects by preventing overtrain-
ing when validation accuracy plateaued or decreased. When comparing 
models trained on different combinations of real and simulated data 
(Fig.  5 - configs. B–E), we observed a consistent increase in validation 
accuracy as the proportion of real data in the training set increased. 
This suggests that, while simulated data provides a useful baseline, 
the inclusion of more real data helps the model better generalize to 
real-footprints variability. Notably, the best performance was achieved 
when 100% of the available real data was combined with simulated 
data from the outset (Fig.  5 - config. B), highlighting the value of hybrid 
datasets for training robust models. However, our findings revealed that 
pre-training on simulated footprints followed by fine-tuning on real 
data (Fig.  5 - config. G) obtained better metrics, compared to models 
trained on a mixture of simulated and real images. This improvement 
stems from several factors. Firstly, training solely on simulated data 
allowed the model to learn a broad and robust representation of the 
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underlying morphological features in a controlled environment, free 
from the noise and inconsistencies inherent in real-world images. Sec-
ondly, the simulated dataset, being abundant and balanced, allowed 
the model to capture essential characteristics across all classes without 
being influenced by domain-specific irregularities. Thirdly, fine-tuning 
with real data provides a focused adaptation step, where the model 
adjusts its learned representations to accommodate the unique textures, 
lighting conditions, and variabilities found in actual footprints. More-
over, a comparison between real data only (Fig.  5 - config. A) and a 
combination of real and simulated data (Fig.  5 - config. B) showed that 
including simulated samples in the training dataset can significantly 
improve performance. The unique contribution of the simulated dataset 
lies in its ability to systematically expand footprint variability under 
controlled conditions, complementing scarce real data and enabling 
more robust classifier training. The limited size of the dataset, relative 
to the model’s extensive parameter count, makes training from scratch 
impractical. Training only on the real dataset, without any fine-tuning 
(Fig.  5 - config. A), yielded some of the lowest metrics values.

In addition to classification accuracy, the computational efficiency 
of the different architectures and training configurations were evalu-
ated in terms of energy consumption and memory usage. Among all 
tested models, the fine-tuned EfficientNet-b0 architecture presented 
the most favorable trade-off between performance and efficiency. It 
achieved high validation accuracy while maintaining relatively low 
memory requirements and energy consumption across different training 
setups. EfficientNet-b0 consumed approximately 0.0072 kgCO2eq and 
required 957 MB of memory at peak usage (i.e., the maximum amount 
of memory used during training), outperforming heavier models like 
ResNet-50, which consumed more memory (approx. 1042 MB) and 
that delivered lower accuracy. When evaluating training configurations 
using different proportions of real data, it was possible to conclude 
that memory usage increased with dataset size and complexity, but 
not always linearly with performance improvements. In particular, fine-
tuning configurations maintained a high accuracy (70.8%) with mini-
mal memory increase (approx. 45%) and very low energy consumption 
(approx. 0.00050 kgCO2eq).

The results revealed several recurrent misclassifications, most no-
tably coyote footprints labeled as fox, theropod footprints labeled as 
sauropod, otter footprints labeled as fox, raccoon or squirrel, and 
squirrel as raccoon. The imbalance in the real dataset likely played a 
significant role in the misclassifications observed. As shown in Table 
1, while the simulated data included 3000 training images and 1000 
validation images per class, the real dataset presented considerable 
variations across classes. For example, coyote footprints were repre-
sented by only 129 real training images and 43 validation images, while 
otter footprints had just 105 real training images and 30 validation 
images. Similarly, the validation set contained only 35 otter footprints 
– a group known for its high variability (Kistner et al., 2022, 2023) – 
and approximately 40 images for both coyotes and foxes. Additionally, 
squirrels had the highest number of testing images (71), followed by 
the raccoons (70), which may have biased the model toward predicting 
footprints as belonging to these classes. Given that track morphology is 
closely related to substrate properties and locomotion dynamics – for 
example, wetter, more pliable surfaces can lead to increased distortion 
– the limited size of the real dataset likely constrains the model’s 
ability to robustly distinguish between naturally occurring variations 
in footprint shape and true inter-class differences. This scarcity of real-
world samples may prevent the model from fully learning the range of 
substrate-induced deformations, thereby contributing to the observed 
misclassifications.

Another reason that might have led to the misclassifications were 
morphological similarities between groups (Fig.  12). Douglas de Car-
valho et al. (2015), discusses the existence of overlap in shape and 
size of some carnivores, in particular in small fields, and De Angelo 
et al. (2010) discusses similarities between large felids and large canids. 
Since coyotes and foxes are both canids, their footprints share four toe 
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Fig. 12. Variability that can be noted in the real footprint examples of the most commonly misidentified extant vertebrate footprint groups. These differences can 
arise from multiple factors, including sediment composition and saturation, animal behavior (i.e., speed/gait), ontogenetic stage, and post-registration degradation 
(i.e., weathering), or a combination of these influences.
pads arranged in a similar pattern, making partial or low-quality prints 
hard to distinguish. Fox footprints were also occasionally labeled as 
squirrel footprints, possibly because size cues were lost in some images, 
and because partial impressions did not clearly show the canid pad 
structure. Additionally, confusion between squirrel and fox prints may 
also appear since squirrel footprints typically display four toe pads on 
the front feet and five on the hind feet; thus, if only the front footprint 
is analyzed, a squirrel print can easily be mistaken for fox footprint. 
Future work should focus on improving the quality of photographs 
and standardizing the photographic methodology – using a consistent 
camera position, zoom level, and including a scale of uniform size – 
to better differentiate similar footprints, especially among groups with 
morphological similarities. Collecting more real data is also essential to 
support these improvements.

In some cases, during the analysis it was possible to see possi-
ble misclassifications within the original dataset in the extant verte-
brate groups (e.g., first photograph of the fox footprints in Fig.  12, 
which appears to exhibit five toe pads with an unusual arrangement). 
These possible misclassifications in the source database could prop-
agate through the training process and compromise the accuracy of 
subsequent automated identification.

Otter footprints were sometimes misclassified as raccoon or squirrel. 
These misclassifications could be due to the fact that all three animal 
groups can show five toe impressions, and in muddy or worn conditions 
the presence of webbing on otter prints may not be readily apparent. 
Otter footprints have been previously confused with rabbit, raccoon, 
opossum, fox, dog, cat, nutria, bobcat, turtle, rat, armadillo, and bull-
frog as mentioned by Evans et al. (2009), where the most common 
mistakes were between otters and (1) raccoons, (2) opossums, (3) 
dogs, and (4) cats. Although otters and foxes are taxonomically distinct 
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(Family Mustelidae and Canidae, respectively), their footprints occa-
sionally share overlapping morphological features, particularly when 
image quality is compromised by factors such as partial impressions, 
poor lighting, or substrate irregularities, which can result in otter 
footprint images displaying only four toe pads. Otter prints are typically 
characterized by a broader pad and subtle indications of webbing (Sanz 
et al., 2004), features that may be less pronounced or obscured in 
degraded samples. In contrast, fox footprints tend to be more elon-
gated (Sanz et al., 2004); however, when the prints are incomplete or 
blurred, the distinctiveness of these features can diminish, leading to 
misclassifications. Moreover, the relatively small number of real otter 
and fox footprints in the training set limits the model’s ability to learn 
the full range of variability inherent to each class.

Similarly, confusion between squirrel and raccoon footprints ap-
pears to be based on subtle morphological similarities and the inherent 
variability of footprint impressions. Both species produce prints with 
five digits, and when the prints are partial or degraded, the distinct 
characteristics that typically differentiate a squirrel’s compact, delicate 
paw from a raccoon’s more robust and defined pad can become blurred. 
This ambiguity is worsened by the limited number of high-quality real-
footprint examples available for training and by the loss of footprint 
size information, which constrains the model’s ability to fully capture 
and learn the differences between these classes.

Analysis of the predicted classes showed that sauropod footprints 
yielded reliable classification results, with occasional misclassifications 
as theropod footprints, likely due to their distinctive shape and the 
unique characteristics of the terrain in which they were found. In 
contrast, theropod footprints were associated with lower classification 
accuracy, often being misidentified as sauropod footprints due to over-
lapping terrain features, variability associated with the fossil record, 
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and the difference in the number of images available (theropod - 159 
for training and 54 for validation; sauropod - 195 for training and 65 
for validation).

Taking into account the top-2 predicted classes, rather than only 
the top-1 prediction, resulted in a further improvement in accuracy 
(Fig.  11). In this analysis, only otter footprints exhibited accuracy 
values below 75%, with most misclassifications involving confusion 
between otters and raccoons (Fig.  11). These findings indicate that 
the model often faced uncertainty in its predictions; when the top-
ranked class was incorrect, the second-ranked class was frequently the 
correct one. This demonstrates the importance of human oversight in 
evaluating model outputs, as the correct label may not always be the 
highest-ranked prediction but can still be among the top candidates.

Beyond the classification results, this study presents several im-
portant contributions with implications that extend beyond the scope 
of vertebrate footprint analysis. First, we introduce Deep Tracks, a 
novel Unity simulation tool designed specifically for the generation of 
vertebrate footprints. The use of Unity, a widely adopted and accessible 
game engine, opens the door for developing additional interactive tools 
aimed at paleontology, conservation and ecological research. While 
in this study this approach was used to generate synthetic data, it 
also offers potential for expansion into object detection, segmenta-
tion, or even auto-encoding workflows in future applications. Second, 
we release a high-quality, balanced dataset containing approximately 
40,000 simulated images, which represents a significant contribution 
for the community. This dataset can be used for fine-tuning, pre-
training, or benchmarking in similar classification tasks. While this 
study focuses on model performance and its limitations, we emphasize 
that the availability of this large, reliable dataset, along with associated 
model weights and experimental code, is a valuable resource for future 
research in paleoichnology, biodiversity monitoring, and conservation. 
Deep Tracks, a publicly available tool, provides a flexible and extensible 
framework that could easily be adapted to other vertebrate footprint 
groups, animal groups, or even entirely different domains of natural 
history data. An important step for future work should involve ex-
tending Deep Tracks to simulate additional real-world conditions, such 
as partial footprints resulting from erosion or incomplete registration. 
Incorporating different silhouettes to simulate varying degrees of ero-
sion would improve the realism of the synthetic dataset and improve 
its applicability to real data. Furthermore, although Deep Tracks has 
the capability to generate overlapping footprints, this functionality 
was not used in the present study, as the real dataset comprised only 
isolated footprints. Future research should benefit from this feature to 
simulate and analyze more complex trackway assemblages involving 
overlapping or sequential footprints.

This study presents a stepping stone in vertebrate footprint auto-
matic classification. The use of synthetic images will help overcome 
challenges in ecological monitoring and wildlife management, where 
data scarcity and variability frequently hold up accurate species iden-
tification. This study also carries important implications for paleontol-
ogy, as refining the classification of fossil footprints can lead to valuable 
insights into the behavior, ecology, diversity, and evolutionary history 
of extinct species.

5. Conclusion

This study is the first to develop a tool for synthetic image gen-
eration of vertebrate footprints for both paleontological and ecological 
research. We developed Deep Tracks, an open-source Unity-based appli-
cation that simulates vertebrate’s footprints in different environments 
and conditions. Our findings show that the combination of using both 
simulated and real footprint images improves classification perfor-
mance. By initially training on a large, balanced simulated dataset, and 
subsequently fine-tuning on real data, our approach achieved improved 
generalization and superior performance compared to the other models 
analyzed in this study. The analysis revealed that the EfficientNet-b0 
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architecture was particularly effective in capturing subtle morphologi-
cal features across both simulated and real domains, thereby reducing 
misclassifications even under conditions of data scarcity and variability. 
The fine-tuned EfficientNet-b0 architecture achieved high validation 
accuracy with relatively low energy consumption and memory usage, 
showing its strong performance–efficiency tradeoff. The results indi-
cated that as the size of the simulated pre-training dataset increased, 
validation accuracy improved, and the highest performance on the 
real dataset was achieved with the largest synthetic set. However, 
challenges remain, as misclassifications were observed among classes 
with similar footprint characteristics, such as between coyotes and 
foxes, and between squirrels and raccoons. These findings highlight 
the importance of developing tools, such as our Deep Tracks genera-
tor, as a means to mitigate data scarcity issues. Moreover, the study 
highlights the importance of creating an open-source real footprint 
database to improve the accuracy of machine learning models, as 
they could also be used to complement training sets. While showing 
promising results, this study presents certain limitations. First, while 
the simulated data improved classification performance, differences 
exist when we look at the domain between simulated and real foot-
prints that can affect generalization. Second, the real dataset used 
was limited in size, potentially constraining the model’s ability to 
capture the full variability of natural footprints. Third, this study 
focused on isolated footprints, and the Deep Track’s ability to model 
overlapping footprints or partial preservation was not explored. Fi-
nally, the simulation parameters, although diverse, may not cover the 
entire spectrum of substrate and trackmaker interactions observed in 
nature, including cases of overlapping footprints and erosion. Future 
work should focus on improving the realism of simulated data by 
improving the silhouettes that are used, and by improving Deep Tracks 
(e.g. adding more soil types, improving the printing process of the 
silhouette on the soil), exploring advanced augmentation techniques 
(such as generative adversarial networks or diffusion models), and 
integrating additional contextual information (such as including a scale 
in the image, including different morphometric data extracted from 
the footprints – e.g., interpad distance, footprint width, and length) 
to improve discrimination among closely related classes; and creating 
more focused classification models (e.g., canid footprints classifier). 
Future research should also explore more advanced methodologies 
to simulate datasets to improve real data classification – especially 
for fossil footprints, which present additional challenges such as poor 
preservation and class similarities (i.e., tridactyl tracks that could be 
produced by ornithopod or theropod dinosaurs). Given the flexibility 
of the methodology, future work could include exploring other neural 
network architectures (e.g., transformers).
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Appendix A. Supplementary data

Supplementary material related to this article can be found online 
at https://doi.org/10.1016/j.ecoinf.2025.103523.

Data availability

All simulated images, and code used for the training and evaluation 
of the fine-tuned model, with the respective trained model weights are 
available onlineon Zenodo (https://doi.org/10.5281/zenodo.15196257)
The trained model with better results is also publicly available through 
a user-friendly application created using Hugging Face (Hugging Face, 
2024) and Gradio (Abid et al., 2019). The application (Vertebrate-
Tracks-Classifier), takes photographs of footprints as inputs and re-
turns a table where each row corresponds to a photograph, and the 
columns contain information of the top three predicted classes with 
their probabilities (values closer to 1 indicate higher confidence on 
the prediction). The Deep Tracks application is available on Zenodo 
(https://zenodo.org/records/15092442).
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