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Pedestrian detection holds significant importance in advanced driver
assistance systems (ADAS) applications, and presents a challenging task in
this field. While the advent of deep learning has facilitated the introduction
of various pedestrian detectors characterized by accuracy and low inference
speed, there persists a need for further improvements. Notably, ADAS
requires accurate detection of pedestrians in various environmental
conditions that can adversely impact the model’s performance, such as poor
lighting, and bad weather. Furthermore, an imperative requirement involves
the incorporation of distance estimation in conjunction with pedestrian
detection, with an extension of detection capabilities to encompass cyclists
and riders, who are equally crucial for ensuring road safety. Therefore, this
paper introduces a stereovision system designed for the detection of
pedestrians, cyclists, and riders. The initial phase, involves improving the
performance of you only look once version 5 (YOLOV5s) through a fine-
tuning process with a custom dataset integrating augmentation techniques to
common objects in context (COCO) dataset. The detector is trained using

Google Colab, and tested in real-time with a Raspberry Pi 4 model B, 8 G
RAM. A comparative analysis is conducted between the YOLOV5s and the
fine-tuned model to prove the accuracy of our approach. The results
showecase a high performance of the detector reaching an accuracy exceeding
79%.
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1. INTRODUCTION

Object detection constitutes a fundamental component within the field of computer vision, playing a
crucial role in various applications, such as surveillance, medical and health care systems, and advanced
driver assistance systems (ADAS). In the context of ADAS, the precise identification and localization of
obstacles is imperative to avoid collisions and ensure a safe driving. Among the paramount of obstacles in
this context are persons, encompassing pedestrians, cyclists, and riders, necessitating accurate and fast
detection to facilitate reliable decision-making processes.

The pursuit of reliable detection mechanisms has posed challenges over the last decades, prompting
the design of various systems equipped with different sensors such as LIDAR, RADAR, and cameras [1].
Notably, recent advancements have focused on vision-only systems, leveraging monocular or stereo-cameras.
Stereovision, in particular, has gained prominence due to its cost effectiveness and capacity to emulate
human-like patterns for visual perception. A salient aspect of this technique is its capacity for depth
estimation, providing critical information regarding the object’s distance in relation to the vehicle. The

Journal homepage: http://beei.org


https://creativecommons.org/licenses/by-sa/4.0/

Bulletin of Electr Eng & Inf ISSN: 2302-9285 a 251

integration of object detection and distance estimation is crucial in ADAS applications, as it equips the
system with comprehensive data for executing necessary actions and ensuring safe driving practices.

Historically, the identification of pedestrians necessitated a manual extraction of features through a
sliding window approach, followed by feeding these features into a classifier. Among the traditional hand-
designed features are mainly Haar, Harris and Stephens [2], speeded up robust features (SURF) [3], Haar
wavelet [4], Hu moment [5], histogram of oriented gradients (HOG) [6]. Moreover, classification
methodologies are typically categorized into supervised and unsupervised algorithms. Supervised algorithms
commonly employ the support vector machine (SVM) [7] and Naive Bayes classifier or perception [8]. In
contrast, unsupervised algorithms typically utilize mean shift [9] and K-means [10]. Traditional approaches
for pedestrian detection are limited in complex scenes, as they necessitate manual setup and region selection
through the sliding window technique.

The advent of deep learning has seen the introduction of numerous models for object detection,
which can be categorized into two main types: two-stage and one-stage detectors. In the primary
classification, regions of interest are initially generated, and subsequently input into a network for
classification and bounding boxes regression. While these detectors demonstrate high accuracy, their
processing time poses challenges for real time applications. Prominent examples in this category include
region-based convolutional neural network (R-CNN) [11], fast R-CNN [12], and faster R-CNN [13].
Conversely, one-stage detectors perform object classification and bounding boxes regression through a single
network, sacrifying some accuracy for enhanced inference speed. Exemplary models in this category, include
the single shot multi box detector (SSD) [14], and the you only look once (YOLO) [15]. Since its inception,
YOLO has gained considerable attention and continued to evolve across different versions. Notably,
YOLOVS5, representing one of the recent versions, has demonstrated its effectiveness in real-time
applications.

Pedestrian detection emerges as a critical task within the domain of computer vision, presenting
inherent challenges. Recently, many research have addressed one or some of the challenging factors such as
occlusion, low-quality image, and detection under various lighting conditions. The majority of these research
have been focusing on the utilization of deep neural networks. Zhang et al. [16] designed an occlusion-aware
R-CNN to enhance the detector’s accuracy within crowded scenes. This model incorporated an aggregation
loss and a dedicated region of interest (ROI) pooling layer to effectively detect partially occluded pedestrians.
Furthermore, within the domain of partial occlusion, the DeepParts model was introduced, incorporating
forty-five distinct part detectors capable of discerning partial occluded pedestrian. The issue of occlusion
challenge is frequently examined individually; hence a joint deep learning framework was developed to
concurrently acquire proficiency in occlusion handling, along with tasks such as feature extraction,
classification and deformation handling [17]. Hou et al. [18] developed multi spectral pedestrian detector
based on SSD, prompting the utilization of thermal images to address pedestrian detection challenges during
nighttime scenarios. In the same context, Li et al. [19] proposed a hybrid pedestrian detection approach
integrating both RGB and thermal images. The model employed two backbone networks based on YOLOV5
and integrated them through a fusion feature selection module to generate a fusion map. Exhibiting superior
performance in comparison to advanced methods, the model has demonstrated its efficiency in detecting
pedestrians under challenging lighting conditions. In addressing the challenge of detecting small objects
within infrared images, a model based on YOLOv5 was proposed [20]. Significant modifications to the
original model architecture, loss function, and training strategy yielded favorable results in both human and
vehicle detection. Notably, Al-Tameemi et al. [21] have recently used the YOLOV5 pretrained model in a
monitoring robotic system, demonstrating real-time object recognition capabilities. Recently, Khan et al. [22]
introduced the fast focal detection network (F2DNET), specifically designed to enhance the performance of
two stage detectors. The proposed network redesigns the two-stage detection architecture, involving the
replacement of the region proposal network with a robust focal detection network, complemented by a fast
suppression head to mitigate false positives. Operating as an anchor free detection network, it relies on center
and scale map prediction. Comparative assessments against state-of-the-art demonstrate its efficacy across
widely utilized datasets: Euro city persons, Caltech, and city persons datasets. Additionally, Khan et al. [23]
introduced the localized semantic feature mixers for efficient pedestrian detection in autonomous driving
(LSFM). Designed to address challenges associated with small or heavily occluded pedestrians, this model
incorporates a ConvMLP-based backbone, a super pixel pyramid pooling neck for feature filtering and
enrichment, and a dense focal detection network. LSFM outperforms all recent detectors, including F2DNet
across: Euro city persons, Caltech, and city persons datasets. However, it is important to note that the LSFM
model was exclusively evaluated in daytime scenes and traffic scenarios. While these models exhibit
promising advancements, their efficacy in real-time applications is yet to be validated due to their recent
introduction.

In contrast to the mentioned studies, our work seeks to fine-tune the YOLOV5 architecture
specifically for person detection, prioritizing simplicity and efficiency. The primary objective is to develop
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an accurate detector capable of identifying persons in various environmental conditions. While a significant
portion of ADAS research concentrates on the detection of pedestrians, it is imperative to extend this focus to
include cyclists and riders for comprehensive road safety. Furthermore, limited attention has been devoted to
the integration of distance calculation into object detection methodologies, particularly with the application
of stereovision techniques. Therefore, this paper aims to present a stereovision system specifically designed
to detect persons in roadways. The main contributions of our study are: i) design of a stereovision system
using an economical, energy-efficient, and highly effective device, ii) an approach for real-time person
detection across various contexts using transfer learning, embedded on the same economical, energy-
efficient, and highly effective artificially intelligent (Al) device, and iii) a custom dataset created to train the
model using augmentation techniques to develop a robust model for person detection.

The paper is organized as follows: section 2 outlines the research method, emphasizing camera
calibration techniques and the application of transfer learning for the development of the new detector.
Section 3 comprehensively discusses the results and experiments findings. Finally, section 4 presents the
principal outcomes and offers suggestions for future research directions.

2. METHOD

The devised system was designed in our laboratory utilizing a 3D printer. The stereoscopic camera,
consisting of two OV5647 5MP cameras, was developed as a component of this system. Operational control
is facilitated by a Raspberry Pi 4 Model B, employing computer vision techniques to provide real-time video
incorporating person detection based on the fine-tuned YOLOv5s model. The comprehensive design is
visually depicted in Figure 1. This research centers on the stereo camera calibration and the transfer learning
technique for person detection, specifically designed for application in ADAS.

Figure 1. The proposed system

2.1. Hardware components
2.1.1. Raspberry Pi 4 model B

A recently introduced Raspberry Pi kit, designed for invoking contemporary Al models with
considerations for small-scale deployment, low power consumption, enhanced speed, and cost-effectiveness,
has been employed in this study [24]. This version, denoted as the Raspberry Pi 4 model B with 8 GB of
memory, as depicted in Figure 2, incorporates general purpose input-output (GPIO) pins, a camera serial
interface (CSI) port, and two micro-HDMI terminals. Operated by a type C mini-USB, this microcomputer
board has become a platform conductive to the realization of various new detectors accommodating diverse
Al workloads. Its compatibility with 5V power supply renders it an energy-efficient and low-power
embedded device. Additionally, a 128 GB secure digital (SD) memory card is utilized for operating system
storage and enabling the handling of large volumes of data for both reading and writing.
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Figure 2. Hardware components
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2.1.2. OV5647 5MP cameras

Manufactured by Omnivision Technologies, the OV5647 camera module provides a resolution of
2592x1944 pixels, resulting in the acquisition of images characterized by a high degree of sharpness and
detail. Employing a complementary metal-oxide-semiconductor (CMOS) image sensor, the camera offers a
low power consumption and high-quality imaging capabilities. Its integration with the Raspberry Pi is
facilitated through the CSI port. Following the successful interfacing of the camera with the Raspberry Pi, a
calibration procedure is executed. In the context of this research, a stereovision system was designed utilizing
two OV5647 5MP cameras. Each camera is individually interfaced with a Raspberry Pi, necessitating the
implementation of a sockets transmission to consolidate the computational framework into a singular
Raspberry Pi unit.

2.2. Stereo camera calibration

Stereo cameras provide unique benefits in comparison to other sensors frequently utilized in ADAS
systems, including RADAR, LIDAR, and monocular cameras [25]. Specifically, their ability to acquire
high-resolution images containing detailed visual information, including colors and shapes, proves essential
for applications related to object detection. Stereovision is particularly advantageous in situations
characterized by occlusion, and it facilitates the creation of a three-dimensional reconstruction of the scene,
thereby supporting precise distance estimation.

Within the domain of computer vision, camera calibration stands out as a crucial task. This
procedure results in the derivation of intrinsic and extrinsic camera parameters. Intrinsic parameters serve to
map camera coordinates into the image plane, supplying vital details for comprehending the scene's
geometry. Simultaneously, extrinsic parameters convey the camera's orientation with respect to the world
coordinate frame. In stereovision applications, the accurate determination of depth and distance heavily relies
on these parameters. Calibration of the two cameras becomes imperative to achieve precise distance
estimation. Throughout the calibration procedure, a recognized geometric object is employed, and equations
derived from the object's coordinates in the world reference and on the image plane aid in establishing the
camera's parameters. In our investigation, we utilized OpenCV for the stereo camera calibration process. As
depicted in Figure 3, chessboard images were concurrently generated from both the left and right cameras.
The intrinsic and extrinsic parameters were then obtained by applying predefined functions available within
the OpenCV library. Subsequently, the acquired parameters were incorporated into image processing
techniques to eliminate distortion and rectify the captured images.

Figure 3. Left and right images taken during the stereo camera calibration process using OpenCV

2.3. You only look once version 5 architecture

YOLOVS5 object detection model proposed in this work, represents a noteworthy iteration in the
evolution of object detection methodologies within the field of computer vision. It has gained substantial
attention for its innovative architectural design, which combines efficiency, accuracy, and real-time
processing capabilities [26]. The model incorporates a CSPDarknet53 as a backbone, contributing to
improved feature extraction capabilities, and a path aggregation network (PANet) for enhancing feature
fusion across different scales, enabling robust object detection, and allowing YOLOV5 to excel in scenarios
with varying object scales and complexities. Figure 4 [27] presents the model architecture: the fundamental
convolution module is presented by the CBL, and the Bottleneck cross-stage partial (CSP) is used to
efficiently aggregate and fuse features across stages, enhancing the model's capacity for capturing intricate
spatial hierarchies and facilitating robust object detection in diverse scenarios. The selection of YOLOV5s for
person detection in this work, is based on its superior trade-off between accuracy and computational
efficiency, which is essential for resource-constrained environments. YOLOV5s offers a lightweight model
with faster inference times and lower computational demands, making it ideal for devices with limited
processing power, such as the Raspberry Pi. Compared to other detectors, such as faster R-CNN and mask
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R-CNN [28], which provide high accuracy but require substantial computational resources, YOLOV5s is
more suitable for real-time applications. Other examples include SSD, which offers a compromise between
speed and accuracy but does not match the precision and efficiency of YOLOV5s, and RetinaNet [29], which,
although effective, can be computationally intensive. Additionally, YOLOvV5s benefits from a streamlined
architecture with advanced features like CSPNet and PANet, enhancing feature extraction and information
flow. This ensures robust detection performance with minimal latency. In contrast, its larger counterparts,
YOLOv5m [30], YOLOvS5I [31], and YOLOv5x [32], while providing higher accuracy, are more
computationally demanding. These characteristics make YOLOQOv5s the optimal choice for this study.

Conv2D+BatchNormal+LeakyRELU

Cross Stage Partial

Spatial Pyramid Pooling

Figure 4. YOLOV5 model architecture

2.4. Dataset

A custom dataset for person detection was generated by building upon the common objects in
context (COCO) dataset [33]. Approximately, 40,000 training images and 2,758 validation images were
selected from the COCO dataset, with a specific emphasis on the person class. To enhance the robustness of
the detector and address common challenges in person detection, extensive data augmentation techniques
were employed. Specifically, Roboflow was utilized for the construction and augmentation of our dataset.

The applied augmentations to the initial images include:

— Brightness: a 20% decrease in brightness was implemented as an augmentation technique to improve the
model’s resilience to lighting challenges, particularly during nighttime scenes.

— Blur: a Gaussian blur of 2.5 pixel was applied to improve the model’s adaptability to camera focus issues.
In the context of ADAS, where cameras are subject to movement, and pedestrians, cyclists and riders may
be either in motion or stationary, this technique contributes to the model’s efficiency.

— Noise: a noise level up to 2% of pixels was applied to foster the model’s resilience to camera artifacts.
This approach aids the model in assimilating various aspects of the person class by intentionally
occluding random features.

By implementing these techniques, we generated a dataset of 118,425 training images,

2,758 validation images, and 186 testing images. Our dataset is available on Roboflow.

2.5. Model development

In this study, YOLOv5s was fine-tuned using the custom dataset to optimize both computational
efficiency and model performance. This choice was primarily motivated by the advantage of leveraging pre-
existing feature representations derived from extensive datasets, which significantly reduces the need for
extensive computational resources and data compared to training from scratch. Fine-tuning enables
accelerated convergence by utilizing robust initial weights and learned knowledge from comprehensive pre-
training on datasets such as COCO. This approach allows for the effective harnessing of advanced model
capabilities while maintaining computational feasibility, thereby achieving a balanced trade-off between
performance and resource efficiency.

To implement and evaluate the fine-tuned model, the training process was conducted using Google
Colab with Tesla processors to minimize training time. The model is stored for subsequent testing and
validation on a Raspberry Pi 4 model B, equipped with 8 GB RAM. The proposed model for person detection
from image or video frames is implemented using the Python PyTorch package.
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To assess the efficacy of our methodology, we used the following metrics:

— Precision: denotes the proportion of correctly classified samples relative to the total number of predicted
positive samples, encompassing both correct and incorrect classifications. This metric illustrates the
accuracy of the model to classify a sample as positive, as mentioned in (1), where TP is true positives and
FP is false positives.

Precision = ——— Q)
TP+FP

— Recall: denotes the proportion of correctly classified samples, to the total number of positive samples.
This metric serves as a measure of the model’s effectiveness in identifying positive samples, as
mentioned in (2), where FN is false negatives.

TP
TP+FN

Recall = 2
— Average precision (AP): represents the area under the precision-recall curve, generated according to
different confidence thresholds:

AP = FiZ0 M (Re () — Re(k + 1)) x Pr (k) ®3)

where n is the number of thresholds, and P, and R, refer to precision and recall respectively.
— Mean average precision (mAP): denotes the mean of all AP through different object classes. In the
context of our study, focusing exclusively on the person class only, this metric aligns with the AP.

2.6. The final setup

Following dataset creation and loading, the YOLOv5s model is trained using Google Colab GPU,
resulting in a high accuracy, and a robust model able to detect persons in diverse contexts. The procedural
steps of the training/testing phase are presented on Figure 5(a). Afterwards, the proposed system is used to
implement the model in the Raspberry Pi and start real-time image/video capturing. To successfully execute
the model, it is imperative to install deep learning libraries and frameworks on the hardware. Python served
as the programming language for importing the essential packages. Real time video capture is facilitated by
the OpenCV library, leveraging a connected camera with the Raspberry Pi. The camera is activated to capture
frames, an algorithm is employed to transmit these frames to the model for person detection. A continuous
loop is utilized to display the frames in real-time, incorporating the outcomes of person detection, until the
user initiates an exit command by pressing the “q” key on the keyboard. Consequently, the real-time results
of person detection are displayed on the Raspberry Pi. Figure 5(b) illustrates the key steps used in

implementing the deep neural network in the Raspberry Pi.

Load our custom dataset from Roboflow
/ Set up of the necessary libraries /

* for implementing the YOLO
maodel

v

Load the customized weights generated
* from the fine-tuning process

Video capture utilizing OpenCV library,
and implementation of the model for each
feame

YOLOvSs model

Training the model in Google Colab

Testing the model on Colab
A 4
Bounding boxes generated by the YOLO
Image capturing using OpenCV model
Jv' The outcomes are displayed on the screen
of the Raspberry Pi
Person detection < ]

(@) (b)

Figure 5. Process flow of the proposed system; (a) training and testing and (b) implementation phase
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3. RESULTS AND DISCUSSION

The evaluation of the model was executed through the utilization of Google Colab: the validation set
was employed for the computation of validation metrics, and the results revealed the high performance of our
fine-tuned model in detecting persons across diverse scenarios.

3.1. Training process

The model’s training process was executed on the Google Colab platform, leveraging its robust
GPU capabilities without requiring additional configuration. The YOLOV5s architecture was chosen for this
training due to its balance of performance and efficiency. The training extended over 80 epochs, providing
sufficient iterations for the model to effectively learn and generalize from the data. The training parameters
were meticulously chosen to optimize the learning process:

— Learning rate (0.01): the learning rate determines the magnitude of updates applied to the model’s
weights during training. A learning rate of 0.01 was selected to achieve a suitable balance between
convergence speed and stability, ensuring that the model makes significant progress without diverging
from the optimal solution or converging too slowly.

— Momentum (0.937): momentum is a technique used to accelerate the convergence of the optimization
process by incorporating information from previous gradient updates into the current weight adjustments.
By setting the momentum to 0.937, the optimization process gains substantial inertia, which contributes
to a smoother trajectory and mitigates oscillations in the weight updates. This strategy improves the
model's capability to navigate through local minima, promoting accelerated and more consistent
convergence by effectively utilizing accumulated gradient information to optimize weight updates.

— Batch size (16): the batch size refers to the number of training examples processed before updating the
model’s weights. Smaller batch sizes generally offer more frequent updates to the model weights, which
can lead to better generalization, but may increase training time. Conversely, larger batch sizes can speed
up training but might require more memory and may lead to less frequent updates. In this context, a batch
size of 16 is chosen to optimize memory usage while maintaining a reasonable update frequency and
training stability.

Roboflow was utilized to preprocess the dataset, converting it into the YOLOV5 PyTorch format and
exporting it as a ZIP file. The images in the dataset were of 640x640 resolution, providing an appropriate
level of detail for the person detection task while keeping computational demands manageable. The final
model architecture comprises 7,012,822 parameters distributed across 157 layers, reflecting a well-balanced
design aimed at achieving optimal performance while maintaining computational efficiency.

During the training process, several challenges emerged: ensuring effective convergence involved
addressing inherent risks of overfitting, particularly with the extensive data augmentation applied. Different
numbers of epochs were tested to identify the optimal duration for training, balancing between sufficient
learning and avoiding overfitting. Computational constraints were another significant challenge, as even with
Google Colab’s Tesla GPUs, managing memory and processing power was critical to avoid out-of-memory
errors and excessive training times. Additionally, the complexities introduced by the data augmentation
techniques required careful management to maintain training stability and ensure that the model could
effectively generalize. These challenges were systematically addressed to optimize the performance and
reliability of the YOLOv5s model.

To assess the outcomes of the training process, Figure 6 displays ten curves that illustrate validation
metrics across various training epochs. The top five curves represent the model’s performance during
training, whereas the lower set refer to the model’s validation phase. Among these curves, the AP and mAP
metrics are notable. The AP involves calculating precision over different intersection over union (IOU)
thresholds, while the mAP represents the average AP across all classes. In this work, mAP is equivalent to
AP. The mAP [.5:.95] metric signifies the average AP calculated across IOU thresholds ranging from 50% to
95% with an increment of 5%. Additionally, the figure includes the loss function, which is composed of three
elements: Object loss, evaluating the algorithm’s ability to predict the presence of an object; box loss,
assessing the alignment of the bounding box with the ground truth, and class loss, reflecting the accuracy of
the algorithm in predicting the object class. In the context of this study, the class loss consistently maintains a
zero-value due to the singular class context. From the analysis of the figure, it is evident that all metrics
demonstrate consistent improvement from the initial stages of the training process to its conclusion. This
trend indicates the effective fine-tuning of the model, with the initial epochs reflecting the performance of the
pretrained weights and the subsequent epochs illustrating progressive enhancements achieved through fine-
tuning.

To further evaluate the detector’s performance, the precision-recall curve was generated from
different confidence score values as shown in Figure 7. A decline in the confidence score is linked to a
proportional rise in the recall. Conversely, an elevation in the score is accompanied by an increase in

Bulletin of Electr Eng & Inf, Vol. 14, No. 1, February 2025: 250-260



Bulletin of Electr Eng & Inf ISSN: 2302-9285 a 257

precision. Thus, there is a balance between precision and recall that depends on the chosen confidence
threshold. The precision-recall curve indicates that the YOLOv5 model achieves high precision and recall
rates in the task of person detection.

train/box_loss trainfobj_loss train/cls_loss metrics/precision metricsfrecall
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Figure 6. Fluctuations of key metrics throughout different training epochs
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Figure 7. The precision recall curve of our approach

Table 1 displays the outcomes derived from our proposed method for person detection. Our model
achieves a precision of 79.1% and a recall of 67.3%. The mAP at 0.5 IOU threshold stands at approximately
76%, while the mAP [.5:.95] reaches around 49%. To further underscore the effectiveness of our approach,
we conducted a visual comparison between our method and the pretrained YOLOvV5s model on the COCO
dataset. Figure 8 presents the comparative results, clearly demonstrating the enhanced accuracy in person
detection achieved through our fine-tuning process.

Table 1. Experimental results of the fine-tuned model
Model Precision  Recall mAPO0.5 mAP [.5:95]
YOLOvS5s (proposed) 0.791 0.673 0.762 0.492
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Figure 8. Visual comparison between pretrained YOLOV5s and our approach: the detections on the left are
generated with YOLOV5s pretrained model and the detections on the right are produced by our approach

To further enhance the results, several techniques could be considered for future iterations of the
training process, such as dropout and adaptive learning rates. Dropout can improve model performance by
reducing overfitting, as it prevents the model from becoming overly reliant on specific features, thereby
promoting better generalization to unseen data. Additionally, employing adaptive learning rate methods, such
as Adam, could optimize training outcomes by adjusting the learning rate based on gradient statistics. This
approach facilitates more efficient and stable convergence, which may lead to more accurate predictions.
Implementing these strategies could refine the model's training process and enhance its overall effectiveness.

3.2. Model implementation

Following the training and testing phases, the model is deployed and validated on the designated
embedded device utilizing the camera Pi module. The efficacy of our novel approach was evaluated in real-
time using our system, highlighting the model’s capability for real-time person detection in diverse scenarios.
Figure 9 showcases selected frames captured from the camera, illustrating the robust performance of the
detector. Therefore, this paper elucidates the impact of the fine-tuning process on the performance of the
detector. The incorporation of pretrained weights with our dataset, derived from the COCO dataset with
augmentation techniques, enhances the model’s performance in detecting persons across various
environmental conditions. Additionally, we conducted real-time image testing to validate the detector’s
efficiency, affirming its robustness and suitability for real-time applications.

Figure 9. Selected frames from real time person detection using the fine-tuned model
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4. CONCLUSION

Ensuring a safe distance between vehicles and road users is one of the most important tasks in
ADAS applications. The detection of pedestrians, cyclists, and riders poses considerable challenges within
this domain, involving both person detection and distance estimation. This paper presented a stereovision
system specifically designed for person detection within the context of ADAS. YOLOv5s was selected as a
detector due to its favorable trade-off between accuracy and speed, with a subsequent fine-tuning process
implemented to enhance the detector’s performance. The dataset utilized for this purpose derived from the
COCO dataset for person class, including augmentation techniques to enhance the detector’s accuracy in
various environmental conditions. The detector was trained on Google Colab, and deployed on a Raspberry
Pi 4 to perform person detection with real-time video captures. Consequently, this study validates the
possibility of deploying the detector within highly constrained computational resources.

The obtained results reveal a high accuracy, with a mAP 0.5 reaching 76.2% and a Map [.5:.95] of
49,2%. Further work, will extend to encompass depth estimation utilizing the stereo-camera, as well as
exploring the utilization of a higher computational resource instead of the Raspberry Pi. This exploration
aims to further enhance the processing speed of the detector, making it well-suited for real-time applications.
Additionally, adjustments will be made to implement the system in an electrical vehicle, simulating diverse
functionalities along with person detection and distance estimation. The system will prioritize the detection
of critical instances for reliable collision avoidance.
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