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1. Introduction 
Disability affects a person's mobility, which can affect how they walk [1], [2]. People with disabilities 

often experience difficulties or changes in how they move [4], [5], particularly with mobility [6], [7]. 

Gait recognition is a type of computer science research [8],[9] that studies how a person's legs and body 

move while walking [10]-[12]. This technology has been used for various purposes, such as surveillance 

[13],[14], security [15], and healthcare [16], [17]. There is considerable variation in the types and severity 

of gait impairment [18]. People with physical disabilities of the feet face style issues related to clothing 

choices that can affect their gait and overall quality of life [19]. Moreover, the use of wheelchairs or 

crutches to facilitate mobility is common among individuals with lower-limb impairments. This may 

result in physical difficulties, such as arthropathy, prolonged sitting, and hemoglobinopathies, which can 

impair a person's gait and overall health [20].  

The impact of disability on gait performance is further highlighted by the fact that people with 

progressive multiple sclerosis (MS) also have altered gait patterns, which are characterized by decreased 
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 This research aims to develop an object detection model that can 

distinguish between the gait of people with and without disabilities with 

high accuracy. Object detection is currently designed to detect people and 

is used in both normal and gender-based gait recognition. Gait recognition, 

if further examined, encompasses recognition of both non-disabled and 

disabled individuals. Every day, people walk like most, but people with 

disabilities have different gaits from those of normal people. Some use 

walking aids, whereas others walk without them. YOLOv8 is a platform for 

detecting people. This research proposes an object detection for normal 

people and people with disabilities, both those who use assistive devices and 

those who do not. The dataset used is Disabled gait, comprising 6500 

images, and will be divided into 3 data splits: 70% for training, 20% for 

validation, and 10% for testing. Model evaluation is based on precision, 

recall, mAP50, and mAP50-90. The test results for three classifications, 

namely assistive, non-assistive, and normal, show the highest value in the 

assistive class with an mAP50 value of 0.98 and an mAP50-95 value of 

0.996. This study advances gait recognition by extending object detection 

to accurately differentiate normal and disabled walking patterns, including 

both assistive and non-assistive gaits, thereby enriching inclusive human-

movement analysis. Beyond computer vision, the findings benefit 

healthcare, rehabilitation, and smart surveillance systems by enabling more 

accurate mobility assessment and accessibility-aware applications. 

© 2025 The Author(s). 
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cadence and speed when walking and increased muscle coactivation, particularly in difficult situations 

like decreased grip and increased cognitive load [21],[22]. Gait recognition in people with disabilities has 

important scientific, medical, social, and technological implications. It analyses a person's walking pattern 

to identify or monitor their physical condition, which is helpful for early detection of health problems 

such as Parkinson's or stroke. By detecting changes in gait earlier, medical personnel can intervene 

sooner, thereby speeding up a patient's recovery and helping to monitor the progress of rehabilitation.. 

The use of Deep Learning and Convolutional Neural Networks (CNNs) has resulted in impressive results 

in a variety of applications, including gait recognition [10], [23], [24], for more accurate and efficient 

feature extraction. These advancements in object recognition and gait identification technologies are 

recent [25].  

You Only Look Once (YOLO) and, notably, its latest version, YOLOv8, offer significant 

improvements in speed, accuracy, and computational efficiency, making it well-suited for real-time 

applications [26], [27]. The YOLOv8 framework, developed in 2023, has undergone significant 

improvements over YOLOv7 and YOLOv5, resulting in improved efficiency and accuracy [28]-[31]. 

YOLOv8 is the latest object detection model, more accurate than previous versions, by adopting new 

techniques and optimizations [32]. The YOLO family of object detection and instance segmentation has 

grown rapidly over the past few years, with each new iteration introducing improvements in accuracy 

and/or speed [33]. 

This study offers several novel aspects: the application of YOLOv8 to disability gait identification 

[34], which combines sophisticated gait analysis with the power of object recognition [35] a multi-modal 

approach that uses visual data from videos converted into image frames to improve the accuracy of 

identification; the creation or use of custom datasets covering various disability types with and without 

assistive devices, allowing for more representative and accurate model training; and the optimization of 

models to operate on devices with limited computational resources. 

In terms of technology, gait recognition plays a role in the development of advanced mobility devices 

[36], [37], such as prostheses with sensors that can adjust movements in real-time [38], [39], robotic 

exoskeletons [40]-[42], and smart wheelchairs [43]. These innovations can improve the comfort and 

independence of people with disabilities, allowing them to participate more actively in social and 

economic life by reducing dependence on others. Thus, it is essential to comprehend the connection 

between mobility and disability to comprehend the struggles of individuals with disabilities. Since the 

primary goal of this research is to identify people with disabilities based on their walking patterns, a 

thorough understanding of gait recognition is crucial to achieving its aims. 

2. Method 
This work comprises six stages: dataset collection, dataset splitting, training data, validation data, 

testing, and evaluation, as shown in Fig. 1.  

 

Fig. 1. Method for detection and segmentation 
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The dataset was obtained from DisabledGait [44] via Mendeley Data. This dataset was selected for 

its uniqueness, which includes individuals with disabilities who use assistive devices, individuals without 

assistive devices, and non-disabled individuals. In addition, this dataset has been annotated with instance 

segmentation annotations. Moreover, this dataset comprises a variety of backgrounds that reflect real-

world conditions in the field and is not limited to a single background; it is divided into three classes: 

Assistive, Non-Assistive, and Normal. The data are already in image format, with labels for the three 

classes. The dataset comprises 6500 images and 130 videos, all of which are in image format. This dataset 

contains 6,500 images: 1,300 for the assistive class, 1,950 for the non-assistive class, and 3,250 for the 

normal class. 

A dataset can be split into its three component parts: testing, validation, and training (as trained 

data). This is known as a split dataset. The features and patterns in the image will be recognized by the 

model. The model's parameters will be iteratively updated using the prediction error of the training data. 

Validation data is used to measure the model's performance during training in order to prevent 

overfitting and ensure that the trained model can learn from the training data as well as perform well on 

new data. After training is finished, testing data is utilized to assess the model's overall performance. 

This data is never used in the training or validation phases and is kept entirely separate. The final goal 

is to use previously unreviewed data to present an objective assessment of the model's performance.  

YOLOv8 (You Only Look Once version 8) is known for its speed and efficiency [45], [46] in 

processing images in real-time with high accuracy [29], [32], which is critical in applications such as 

video surveillance in public places [47], security systems [48], and autonomous vehicles [49] that need 

to detect the presence of pedestrians quickly. Training data used the architecture of yolov8l with epoch 

[50] and image size 640x640 pixels [32]. Using 365 layers, 43632153 parameters, 43632137 gradients and 

165.4 GFLOPs. Data validation using a custom model, namely by finding the best weights on the 

training data using 268 layers, 43608921 parameters, 0 gradients, and 164.8 GFLOPs. 

Testing data with conf = 0.25 is used to determine whether a detection threshold is considered valid. 

In this study, detections with detection confidence below 0.25 are ignored. The results of model training 

on the YOLOv8 dataset include several metrics used for model evaluation, such as precision, recall, 

average precision, and mean Average Precision (mAP). Mean Average Precision (mAP) is a metric that 

measures the overall performance of an object detection model [27], [51], [52] by computing precision 

and recall across various prediction thresholds and then averaging them [53], [54], [55]. mAP at IoU 

0.5 means that mAP is calculated with an IoU threshold of 0.5. 

To calculate mAP at an IoU threshold of 0.5, the model first generates predicted bounding boxes for 

each image in the validation dataset; each prediction is associated with a confidence score and a class 

label, whereas the corresponding ground-truth bounding boxes are already defined. For each predicted 

bounding box, the Intersection over Union (IoU) with the corresponding ground-truth bounding box 

is computed using Equation (1) to quantify the degree of spatial overlap between the prediction and the 

reference annotation.  

𝐼𝐼𝐼𝐼𝐼𝐼 = 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑂𝑂𝑂𝑂 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑜𝑜𝑜𝑜 𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈

    (1) 

After computing the IoU values, each prediction is categorized as a True Positive (TP), False Positive 

(FP), or False Negative (FN). A prediction is considered a True Positive if its IoU with the corresponding 

ground truth bounding box is at least 0.5 and the predicted class label is correct. A False Positive occurs 

when a predicted bounding box either has an IoU below 0.5 with any ground truth bounding box or is 

assigned an incorrect class label. Conversely, a False Negative refers to a ground-truth bounding box that 

the model fails to detect, indicated by the absence of a corresponding prediction with IoU ≥ 0.5. Based 

on these classifications, precision and recall are calculated, where precision is defined as the proportion 

of True Positives relative to the total number of predicted positives, expressed as TP/(TP + FP), as 

shown in Equation (2). 
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𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

     (2) 

Recall is defined as the proportion of True Positives relative to the total number of actual positives, 

measuring the model's ability to correctly detect relevant objects. It is calculated as the ratio of TP to 

the sum of TP and FN, as expressed in Equation (3). 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

    (3) 

To further evaluate detection performance, a precision–recall curve is constructed by varying the 

prediction confidence threshold from 0 to 1 and computing the corresponding precision and recall values 

at each threshold. The Average Precision (AP) for each object class is then calculated as the area under 

its precision–recall curve, which summarizes detection performance across all confidence levels. Finally, 

the Mean Average Precision (mAP) is computed as the average of AP across all object classes, providing 

an overall performance metric for the detection model, as defined in Equation (4). 

𝑚𝑚𝑚𝑚𝑚𝑚 = 1
2

 ∑ 𝐴𝐴𝑃𝑃𝑖𝑖𝑁𝑁
𝑖𝑖=1    (4) 

where 𝑁𝑁 is the number of object classes. 

3. Results and Discussion 

3.1. Dataset Collection 
We used a publicly available dataset, DisabledGait, available on Mendeley Data, which contains 6500 

labelled images. The annotation folder contains two files: train and data.yaml. The train folder has two 

subfolders, images and labels. The images subfolder contains 6500 images, and the labels subfolder 

contains labels corresponding to those images. This structure is shown in Fig. 2. 

 

Fig. 2. Structure dataset 

3.2. Split Dataset 
Splitting data is an essential step in preparing a dataset for machine learning and statistical analysis. 

It involves dividing the dataset into training, validation, and test subsets to train, validate, and evaluate 

models, ensuring that performance is evaluated fairly and helping to prevent overfitting. The training 

set, comprising 70% of the total dataset (4550 data points), is used to train the model so that it can 

learn patterns and relationships. The validation set, which is 20% of the dataset (1300 data points), is 

used to tune hyperparameters and evaluate model performance during training, aiding in model selection 

and providing an unbiased evaluation of model fit. Finally, the test set, comprising 10% of the dataset 
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(650 data points), is used to assess the model's performance after training, providing an unbiased 

evaluation. Importantly, the test set should not be used during the training or validation process to 

ensure an accurate measure of the model's ability to generalize to new data. 

3.3. Training Data 
Training data results will be stored inc table form which contains epoch, train/box_loss, 

train/cls_loss, train/dfl_loss, metrics/precision(B), metrics/recall(B), metrics/mAP50(B), 

metrics/mAP50-95(B), val/box_loss, val/cls_loss, val/dfl_loss, Ir/pg0, Ir/pg1, Ir/pg2, show in Fig. 3. 

 

Fig. 3. Example of Training Result for 24 first rows  

As shown in  Fig. 4, this study identified and visualized three gait-related classes via bounding box 

detection: the assistive code group labeled 0, the non-assistive code group labeled 1, and the normal 

code group labeled 2. The figure illustrates that the proposed YOLOv8-based model can detect 

individuals under diverse environmental conditions, camera angles, and backgrounds, while 

simultaneously distinguishing gait characteristics associated with the use of assistive devices, atypical but 

non-assistive walking patterns, and normal gait. The bounding boxes and class labels demonstrate that 

the model consistently localizes subjects and assigns the correct class, highlighting its robustness to real-

world gait variability and supporting its effectiveness for inclusive gait recognition tasks.  

 

Fig. 4. Train Batch 0 
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The machine learning model's performance graph for identifying objects linked to disabled and non-

disabled people is shown in Fig. 5. The y-axis displays performance metrics like mean average precision 

(mAP), recall, loss, and precision, and the x-axis represents the number of epochs, or full cycles of 

processing all training data. The graph shows effective model training, as evidenced by rising precision, 

recall, and mAP, alongside falling loss. Furthermore, the box_loss value, a measure of the prediction 

accuracy between the item and the bounding box, is compared between the training and validation 

results.  In the fifth epoch, the training box_loss reached its maximum at 0.72656 and decreased to 

0.25188, whereas in the fourth epoch, the validation box_loss reached its maximum at 0.55497 and 

decreased to 0.24023 in the 50th epoch. The distribution for the bounding box of the picture object is 

predicted using distribution focal loss, or DFL. The lowest value, 0.84059, occurs at the 50th epoch, 

and the highest value, 1.0656, occurs at the 5th epoch, for the validation dfl_loss. Lower values of 

validation box_loss, cls_loss, and dfl_loss show good generalization to unobserved data, prevent 

overfitting, and enable more precise bounding box prediction. 

 

Fig. 5.  Machine learning model's performance graph for identifying objects  

3.4. Validation Data 
Data validation involves two models: label validation and prediction validation. Label validation 

ensures that data labels are correct and consistent, which is crucial for supervised learning tasks in which 

the model learns from labeled data. Predict validation, on the other hand, involves verifying the model's 

predictions against a held-out validation set to assess its accuracy and generalization. This process helps 

identify overfitting and underfitting, enabling adjustments to improve model performance. 

Fig. 6 presents the results of label validation, demonstrating the correctness and consistency of the 

ground-truth annotations used in this study. As shown in the figure, each validation image is accurately 

labeled into one of the three predefined classes, assistive, non-assistive, and normal, with bounding boxes 

tightly enclosing the subjects and class labels correctly reflecting their gait characteristics. This validation 

step confirms that the dataset annotations are reliable and free from class ambiguity, which is essential 

for effective supervised learning. By ensuring that labels accurately reflect real gait conditions during 

model training and evaluation, label validation reduces the risk of biased learning. It supports more 

accurate performance assessment in the subsequent prediction-validation stage.  
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Fig. 6. Validation label 

Fig. 7 illustrates the validation results, in which the trained YOLOv8 model's outputs are evaluated 

on the validation dataset to assess detection accuracy and generalization capability. As shown in the 

figure, the model successfully predicts the three gait classes, assistive, non-assistive, and normal, with 

high confidence scores, indicating strong agreement between predicted labels and the validated ground 

truth. The bounding boxes are consistently well-aligned with the subjects, demonstrating accurate 

localization, while the predicted class labels reflect the underlying gait characteristics across varied 

environments and walking conditions. This validation process is essential for identifying potential 

overfitting or underfitting, as it reveals how well the model performs on unseen data and confirms that 

the proposed approach generalizes effectively beyond the training set. 

 

Fig. 7. Validation Predict 

3.5. Testing 
Testing object detection is an important step in the development and evaluation process of object 

recognition systems. This process involves using various datasets to test the model's ability to identify 

and classify objects with high accuracy. Testing is done by comparing the model's output against ground 
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truth data, which is data that has been manually labelled and is considered a true reference, to show how 

well the model can detect objects under various conditions such as different lighting, diverse viewing 

angles, and complex backgrounds. In addition, testing aims to identify the shortcomings and weaknesses 

of the object detection model. Analysis of the test results allows researchers to identify areas where the 

model has difficulty, such as in recognizing overlapping objects or in situations with high noise. This 

information is crucial for model improvement and refinement, so comprehensive and repeated testing 

enables researchers to optimize model performance and achieve high levels of accuracy and reliability in 

real applications. 

Fig. 8 is the result of the system test. In the normal person label, it has a confidence score of 0.95, 

and assistive has a confidence score of 0.96 and non-assistive has a confidence score of 0.95. The scale in 

confidence score is 0 to 1, and the closer the confidence score is to 1, the higher the confidence of the 

model that the classification is correct 

 

Fig. 8. Test Result 

3.6. Evaluation 
Model evaluation is the process of assessing the performance of a machine learning or statistical 

model using certain metrics to determine how well the model performs on data not seen during training. 

The results of the model evaluation are shown in the Table 1. 

Table 1.  Evaluation 

Class P R mAP50 mAP50-95 
All 0.997 0.963 0.975 0.958 

Assistive 0.996 0.977 0.98 0.966 

Non-Assistive 0.997 0.956 0.97 0.947 

Normal 0.998 0.956 0.974 0.962 

 

Model Performance is Generally Good: Precision, Recall, and mAP values for all classes are quite 

high, close to 1. This indicates that the model generally detects objects with high accuracy. Best 

Performance for "Assistive" Class: The "Assistive" class achieves the highest mAP of 0.98, indicating 

that the model is best at detecting objects in this class. Lowest Performance for the "Normal" Class: 

The "Normal" class has a slightly lower mAP of 0.974 than the other classes, indicating that the model 

may be somewhat less accurate at detecting objects from this class. The "Non-Assistive" class has an 

mAP of 0.97. The object detection models evaluated in this Table demonstrate excellent performance 

across various object classes. 

4. Conclusion 
In this research, we propose an innovative model for disabled gait recognition using YOLOv8. This 

model improves detection performance for both healthy and disabled individuals by using the 

DisabledGait database. Based on the results and discussion presented, this research draws several 
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conclusions. First, YOLOv8 is capable of detecting normal people, assistive people with disabilities, and 

non-assistive people without disabilities. Second, the image processing module used for training, 

validation, and data testing is able to effectively acquire and utilize image information, resulting in high 

confidence score values. Third, the evaluation results showed that the assistive class had the highest 

mAP value of 0.98, while the non-assistive class had the lowest mAP value of 0.97. This may be due to 

the standing position of people with non-assistive disabilities who are still able to stand upright, causing 

errors in detection. Future research can add segmentation models to improve object detection. The use 

of segmentation will provide more detail in object recognition, especially since the data has varied 

backgrounds. It is expected that the addition of segmentation will improve the performance and accuracy 

of the system in recognizing individuals with disabilities who use assistive devices, without assistive 

devices, and normal people. In the future, this technology is expected to be applied to real-time cameras 

to help priorities public services for individuals with disabilities. 
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