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 Pedestrian detection constitutes a critical task within advanced driver 

assistance systems (ADAS), where reliable identification of pedestrians is 

essential for ensuring vehicular safety. Although deep learning has 

substantially improved detection performance, existing state-of-the-art 

models continue to exhibit notable degradation in adverse weather 

conditions and low-light. To mitigate these challenges, this study introduces 

an enhanced pedestrian detection framework based on you only look one 

version 5 (YOLOv5s), retrained on an augmented common object in 

context (COCO) dataset focused on the person class. Additionally, a novel, 

lightweight, and adaptive attention mechanism called: the weighted fusion 

efficient channel attention (WF-ECA) module is incorporated into the 

detection architecture. The WF-ECA module selectively focusses on 

important features without compromising computational efficiency or 

inference speed. Comparative experiments demonstrate a 5% increase in 

mean average precision (mAP) in comparison to the baseline model, thereby 

demonstrating the efficacy of the proposed attention module in improving 

detection robustness under challenging environmental conditions. These 

findings highlight the potential of attention-based mechanisms to enhance 

pedestrian detection performance in real-world ADAS applications. 
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1. INTRODUCTION 

In the last few years, advanced driver assistance systems (ADAS) [1] have gained significant 

attention due to their crucial role in enhancing vehicle safety. These systems utilize a wide range of 

functionalities in order to address various challenges encountered during driving. Among these 

functionalities, pedestrian detection emerges as a vital component, due to the rising incidence of accidents 

involving pedestrians. Consequently, important research efforts have been directed toward enhancing the 

accuracy and speed of pedestrian detection systems. 

Initially relying on traditional approaches such as histogram of oriented gradients (HOG) [2] 

combined with support vector machines (SVM) [3], pedestrian detection has seen notable advancements with 

the advent of deep learning [4]. Despite these advancements, pedestrian detection continues to present 

considerable challenges, particularly in low-light environments and under adverse weather conditions [5]. For 

example, night-time driving significantly reduces image contrast, making pedestrian silhouettes less 

distinguishable from the background. Heavy rain can introduce motion blur and reflective road surfaces that 

https://creativecommons.org/licenses/by-sa/4.0/
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distort visual features. Similarly, dense fog reduces visibility range and suppresses edge information, while 

strong backlighting during sunrise or sunset can cause pedestrians to appear as dark silhouettes. These 

scenarios often lead to missed detections (false negatives) or reduced detection confidence in conventional 

pedestrian detection models. Numerous studies have tried to address these limitations by proposing methods 

that enhance robustness and accuracy in such complex scenarios [6]–[9]. 

To increase the model’s accuracy in low-light conditions, Nataprawira et al. [10] proposed a  

multi-spectral pedestrian detection method based on the you only look one (YOLO)v3 architecture, 

leveraging inputs from red, green, blue (RGB), thermal, and combined multi-spectral imaging modalities. In 

this approach, the three channels of the RGB image were integrated with the single channel from the thermal 

image to form a unified four-channel input representation. Roszyk et al. [11] employed the YOLOv4 

architecture to develop a rapid, low-latency multi-spectral pedestrian detection system tailored for 

autonomous driving applications. The study explored various model architectures and fusion strategies, with 

feature-level fusion—referred to as YOLOv4-middle—emerging as the most effective in balancing detection 

accuracy and computational efficiency. Following a similar objective but adopting a transfer learning 

approach, Hu et al. [12] employed CycleGAN [13] to produce synthetic infrared images from visible-light 

inputs, thereby augmenting the computer vision center (CVC)-09 dataset. This augmented dataset was then 

used to train and evaluate YOLOv3 [14] and faster region-based convolutional neural network (R-CNN) [15] 

models, aiming to enhance pedestrian detection accuracy in low-light environments. 

To address the challenges caused by adverse weather conditions, Wang et al. [16] proposed a hybrid 

approach combining physical modeling with deep learning techniques. The resulting model, called  

physics-aware and conditional (PC)-YOLO, uses two novel components: the enhanced physics-aware block 

(EPB) and the conditional width diversification branch block (C2f_WDBB). The effectiveness of this 

architecture was validated through evaluations on the RainyCityscape and HazyCityscape datasets.  

Liu and Lin [17] incorporated the dark channel dehazing algorithm into the YOLOv7 framework [18], and 

demonstrated a notable enhancement in dehazing efficiency. This integration significantly improved the 

performance of YOLOv7 in foggy conditions by enhancing the model's ability to detect objects in  

low-visibility environments. Hnewa et al. [19] introduced a novel framework employing cross-modality 

knowledge distillation (CMKD) to enhance the effectiveness of RGB-based pedestrian detection under  

low-light and adverse weather conditions. The proposed approach was evaluated on the "seeing through fog" 

dataset, thus, confirming its improved performance in challenging visual environments. 

The majority of research addresses pedestrian detection under either low-light conditions or adverse 

weather, while few studies concurrently consider both challenges. Recent improvements in computer vision 

have shown that adding attention mechanisms can enhance feature representation by enabling models to 

focus on the most informative regions within an image. Despite these advancements, there remains limited 

research specifically examining the efficacy of attention modules for pedestrian detection in environments 

characterized by low visibility and poor weather conditions. Most studies employing attention-based 

approaches have primarily concentrated on improving detection performance in densely crowded scenes: 

Jubair and Nafea [20] proposed convolutional block attention modules (CBAM)-YOLOv8, incorporating 

three CBAM into YOLOv8’backbone. Experimental evaluation conducted on a composite dataset comprising 

1,520 images from INRIA and ETH datasets demonstrated that the integration of CBAM leads to important 

improvements in both recall and the mean average precision (mAP) across the intersection over union (IoU) 

threshold range of 0.5 to 0.95 (mAP_0.5:0.95). Wang et al. [21] introduced a CCW-YOLO algorithm, which 

incorporated a lightweight convolutional layer utilizing GhostConv, alongside an improved C2f module 

aimed at boosting the detection capabilities of the network. Furthermore, the model integrated the coordinate 

attention mechanism to more effectively capture critical target features, thereby increasing the model’s 

adaptability across diverse detection scenarios and further enhancing overall accuracy. Zang et al. [22] 

introduced multi-receptive field and attention mechanism for multispectral pedestrian detection (MAPD) 

which leverages both multi-receptive field processing and attention mechanisms. This design effectively 

integrates a multi-receptive field module with the CBAM to form a combined multi-receptive field and 

attention (MA) module. Notably, this module was built to be modular, facilitating easy integration with 

diverse pre-existing network architectures. 

In response to limitations in prior pedestrian detection research under challenging visual conditions, 

this study proposes an attention-augmented YOLOv5s architecture trained on an enhanced common objects 

in context (COCO) dataset [23], which is augmented with synthetic transformations simulating darkness, 

noise, and blur. The primary objective is to evaluate whether the incorporation of a novel attention module, 

specifically, a weighted fusion efficient channel attention (WF-ECA) mechanism that adaptively combines 

max and average pooling, can improve detection robustness and accuracy for pedestrian detection under 

visually degraded conditions, relative to the baseline YOLOv5s model. The main contributions of this work 

are: i) the justification of YOLOv5s as a baseline through comparative evaluation with state-of-the-art 
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detectors; ii) the design of WF-ECA to dynamically balance pooling features for improved robustness; and 

iii) a comprehensive assessment of WF-ECA against existing attention modules, demonstrating its 

effectiveness in enhancing pedestrian detection under degraded visual conditions. 

The structure of the paper is as: section 2 details the methodology, and provides an overview of the 

YOLOv5s architecture and a description of the proposed attention module. Section 3 presents the 

experimental results and discussions. Section 4 concludes the study. 

 

 

2. METHOD  

To improve pedestrian detection performance under adverse visual conditions, the YOLOv5s 

architecture was trained on a COCO dataset enhanced with synthetic transformations simulating darkness, 

noise, and blur, specifically targeting the person class. The selection of YOLOv5s is motivated by its 

effective compromise between detection accuracy and computational efficiency. To justify this choice, 

transfer learning experiments were conducted using YOLOv5s alongside other state-of-the-art detectors, 

including YOLOv8s [24], single shot detector (SSD) [25], and EfficientDet [26], evaluated on the augmented 

dataset. Starting from this baseline, we propose a novel, lightweight attention module inspired by the efficient 

channel attention (ECA) mechanism. The module’s performance is evaluated through comparative analysis 

against the YOLOv5s baseline and several established attention modules to determine its impact on detection 

accuracy in challenging environments. 

 

2.1.  Dataset 

A specialized dataset for pedestrian detection was created using the COCO dataset. From this 

dataset, around 40,000 images were chosen for training and 2,758 for validation, focusing on images 

containing the person category. To strengthen the detector’s performance and handle common issues 

encountered in pedestrian detection, a wide range of data augmentation strategies were applied.  

Roboflow was used both to construct and augment the dataset. The augmentations performed on the original 

images included: 

− Brightness adjustment: brightness was reduced by 20% to improve the model’s ability to operate under 

low-light conditions, such as nighttime scenarios. 

− Blurring: a Gaussian blur with a 2.5 pixel was added to improve the model’s adaptability to camera 

focus issues: an important consideration in ADAS applications where both the camera and subjects 

(e.g., pedestrians or cyclists) may be in motion. 

− Noise addition: random noise was introduced to up to 2% of the pixels, simulating sensor noise. This 

encourages the model to generalize better by learning to identify pedestrians even when parts of them 

are obscured. 

Following these augmentations, the final dataset comprised 118,425 training images, 2,758 validation 

images, and 186 images reserved for testing. The complete dataset is hosted on Roboflow. 

 

2.2.  YOLOv5s baseline architecture 

YOLOv5s [27] is a popular choice for object detection tasks because it strikes a good balance 

between accuracy and computational speed. Its architecture consists of three main parts: the backbone, the 

neck, and the head. The backbone uses C3 and convolutional modules, applying the cross-stage partial (CSP) 

technique to improve gradient flow and enable effective reuse of features while minimizing redundant 

calculations. This setup ensures efficient feature extraction, which is crucial for precise detection. The neck 

includes a spatial pyramid pooling fast (SPPF) layer along with additional convolution layers, which helps 

combine features at different scales. This not only increases the receptive field but also boosts the model’s 

ability to understand context across various resolutions. Finally, the head component is responsible for 

predicting bounding box coordinates, objectness scores, and class probabilities, thus producing the final 

detection outputs. An overview of the YOLOv5s architecture is illustrated in Figure 1. Although alternative 

models such as YOLOv8s, SSD, and EfficientDet demonstrate improvements in certain performance metrics, 

our comparative analysis (section 3) confirms that YOLOv5s, when retrained on our augmented dataset, 

remains the most suitable choice for real-time pedestrian detection. 
 

2.3.  Overview of existing attention modules 

Attention mechanisms have been integrated into neural network architectures to improve feature 

representation by directing focus toward the most informative elements, thereby improving overall 

performance in various vision tasks. A range of attention modules has been proposed in the literature, each 

employing different strategies to refine feature maps. The squeeze-and-excitation (SE) module [28] 

introduces channel-wise attention by first aggregating global spatial information through global average 

pooling to produce a channel descriptor, which is then passed through a small fully connected network to 
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generate channel-wise weights for feature recalibration. The CBAM [29] extends this approach by 

sequentially applying both channel and spatial attention. It integrates both global average pooling and max 

pooling to produce channel attention, followed by convolutional operations on the aggregated features to 

produce a spatial attention map. The ECA module [30] offers a more lightweight alternative by avoiding 

dimensionality reduction and instead capturing cross-channel interactions using a fast 1D convolution with a 

carefully selected kernel size. Despite its simplicity, ECA achieves competitive performance compared to SE 

and CBAM, while offering enhanced computational efficiency, which makes it well suited for real-time and 

resource-limited applications. 
 
 

 
 

Figure 1. YOLOv5s model architecture 
 

 

2.4.  Improved YOLOV5s model with weighted fusion efficient channel attention 

A primary objective of this study is to improve the performance of the YOLOv5s detector under 

challenging conditions through the integration of an effective yet lightweight attention mechanism. Building 

on the computational efficiency and effectiveness of the ECA module, we propose a novel attention 

mechanism termed WF-ECA. While the original ECA module utilizes only global average pooling to encode 

channel-wise information, this approach may overlook complementary features that can be captured through 

max pooling. It is well established that average pooling and max pooling emphasize different characteristics 

of feature maps: average pooling reflects the general feature distribution, whereas max pooling identifies the 

most dominant responses. Relying exclusively on one pooling strategy can constrain the module’s capacity to 

adaptively focus on the most informative channel features. To address this limitation, the proposed WF-ECA 

module adaptively integrates both average and max pooling operations, enabling the network to learn an 

optimal balance between them. This fusion enriches channel-wise context modeling without compromising 

the lightweight nature of the ECA structure. The WF-ECA module is incorporated at the end of the backbone 

stage of the YOLOv5s architecture, as illustrated in Figure 2, to enhance feature extraction efficiency in a 

computationally economical manner. 

Let X∈𝑅𝐶.𝑊.𝐻 represent the input feature map, where the dimensions C, H, and W refer to the 

number of channels, height, and width, respectively. To enhance channel-wise feature representation while 

maintaining computational efficiency, the proposed attention mechanism first performs both global average 

pooling and global max pooling across the spatial dimensions. These operations yield two 1D descriptors, 

𝑓𝑎𝑣𝑔 and 𝑓𝑚𝑎𝑥 ∈ 𝑅𝐶  where each element is computed as (1) and (2). 

 

𝑓𝑎𝑣𝑔(𝐶) =
1

𝐻.𝑊
∑ ∑ 𝑋(𝑐, 𝑖, 𝑗)𝑊

𝑗=1
𝐻
𝑖=1  (1) 

  

𝑓𝑚𝑎𝑥(𝐶) = 𝑚𝑎𝑥
𝑖,𝑗

𝑋(𝑐, 𝑖, 𝑗) (2) 
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The two vectors are concatenated to form a unified descriptor f𝑐𝑜𝑛𝑐𝑎𝑡 ∈ 𝑅2𝐶. 

To adaptively weigh the relative importance of average and max pooled features, a learnable 

parameter α∈[0,1]𝐶  is introduced. This weighting vector is generated by applying a parameterized function σ 

typically implemented as a sigmoid to the concatenated descriptor as shown in (3). 
 

𝛼 = 𝜎(𝑊𝛼 . 𝑓𝑐𝑜𝑛𝑐𝑎𝑡) (3) 
 

Where 𝑊𝛼 ∈ 𝑅𝐶.2𝐶 is a learnable parameter. The adaptive attention vector is then computed as a convex 

combination of the two pooled vectors in (4). 
 

𝑓𝑎𝑡𝑡𝑛 = 𝛼ʘ𝑓𝑎𝑣𝑔 + (1 − 𝛼)ʘ𝑓𝑚𝑎𝑥 (4) 
 

To model local channel dependencies without introducing significant computational overhead, a 

lightweight one-dimensional convolution is subsequently applied to the adaptive vector 𝑓𝑎𝑡𝑡𝑛. This operation 

captures interactions among neighboring channels efficiently, resulting in an enhanced attention vector 

𝑓𝑐𝑜𝑛𝑣∈𝑅𝐶 . Finally, this vector is employed to recalibrate the original feature map via channel-wise 

multiplication, formulated as (5). 
 

𝑋′(𝑐, 𝑖, 𝑗) = 𝑓𝑐𝑜𝑛𝑣𝑋(𝑐, 𝑖, 𝑗),             ∀𝑐 ∈ {1, … , 𝐶}, 𝑖 ∈ {1, … , 𝐻}, 𝑗 ∈ {1, … , 𝑊} (5) 
 
 

 
 

Figure 2. The improved YOLOv5s with WF-ECA architecture 
 

 

3. RESULTS AND DISCUSSION  

Initially, the YOLOv5s model was fine-tuned using our augmented dataset. The model training was 

performed using the Google Colab platform. Subsequently, we carried out a comparative analysis with 

several well-established object detection models. Based on the observed performance under challenging 

conditions, a novel attention module was incorporated to further enhance the model's detection capabilities. 
 

3.1.  Experimental setup 

The selected models: YOLOv5s, YOLOv8s, SSD, and EfficientDet, were retrained using the Google 

Colab platform. Prior to training, the augmented dataset was converted into the appropriate format for each 

model using the Roboflow platform. The retraining process was performed for 300 epochs using a batch size 

of 16 and an input image resolution of 640×640 pixels. 

The retrained models were assessed using the validation subset of the dataset. For comparative 

analysis, we employed two widely recognized evaluation metrics: mAP at IoU threshold 0.5 (mAP_0.5) and 

mAP across multiple IoU thresholds ranging from 0.5 to 0.95 with a step size of 0.05 (mAP_0.5:0.95). The 

mAP_0.5 measures the average precision when the IoU is fixed at 50%, while mAP_0.5:0.95 offers a more 

thorough evaluation by averaging precision over a spectrum of stricter IoU thresholds. 
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The comparative results are illustrated in Figure 3. As depicted, both YOLOv5s and YOLOv8s 

significantly outperform SSD and EfficientDet in terms of detection accuracy and convergence speed. 

Notably, YOLOv8s achieves the highest accuracy among all tested models; however, its increased 

computational complexity and inference latency make it less suitable for real-time deployment on  

resource-constrained devices. In contrast, YOLOv5s offers a favorable compromise between accuracy and 

efficiency, making it particularly well-suited for real-time pedestrian detection tasks. The final mAP values 

are presented in Table 1. 

Furthermore, Table 2 presents the inference performance of the models when deployed on a 

Raspberry Pi 4. The results confirm that YOLOv5s offers a balanced compromise between detection 

accuracy and real-time processing capabilities. This reinforcing its practicality for embedded systems and 

edge computing scenarios. 
 

 

 
 

Figure 3. Comparison between modern detectors on the augmented dataset 
 

 

Table 1. mAP values of the chosen models 
Model mAP_0.5 mAP_0.5:0.95 

YOLOv5s 0.79 0.59 

YOLOv8s 0.82 0.62 

EfficientDet0 0.76 0.57 

SSD 0.61 0.49 

 

 

Table 2. Frames per second (FPS) of models on Raspberry Pi 4 
Models YOLOv5s YOLOv8s EfficientDet0 SSD 

FPS 5 3.5 2 1.8 

 

 

3.2.  Performance of the proposed attention module 

To analyze the performance of the proposed improved YOLOv5s model incorporating the WF-ECA 

attention mechanism, this study conducted retraining experiments using the augmented dataset. For 

comparison, additional retraining was performed on YOLOv5s integrated with alternative attention modules, 

namely SE, ECA, and CBAM. The comparative performance outcomes are summarized in Figure 4. The 

findings confirm that the improved YOLOv5s model with the WF-ECA module achieves a notable 

enhancement over the baseline YOLOv5s, with an approximately 5% increase in mAP. Furthermore, the 

WF-ECA variant demonstrated more rapid convergence during training and consistently higher mAP values 

relative to models employing the other attention modules. These findings underscore the efficacy of the WF-

ECA attention mechanism in enhancing the detection accuracy and training efficiency of YOLOv5s within 

the context of the augmented dataset. The final mAP values are presented in Table 3. 

To ensure the robustness of these results, we performed multiple independent training runs for both 

the baseline YOLOv5s and the WF-ECA variant (3 runs each). Table 4 reports the mean ± standard deviation 

of the mAP values across these runs. Statistical significance was assessed using paired t-tests, with 

corresponding p-values included to demonstrate that the performance improvements of WF-ECA over the 

baseline are consistent. 
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Figure 4. Comparison between different attention modules incorporated with YOLOv5s on the augmented dataset 
 

 

Table 3. mAP values of the YOLOv5s with different attention modules 
Model mAP_0.5 mAP_0.5:0.95 

YOLOv5s 0.79 0.59 

YOLOv5s SE 0.80 0.60 

YOLOv5s CBAM 0.81 0.62 
YOLOv5s ECA 0.82 0.63 

Ours 0.84 0.64 

 

 

Table 4. mAP performance of YOLOv5s and YOLOv5s with WF-ECA (mean ±std) with statistical significance 
Model mAP_0.5 (mean ±std) mAP_0.5:0.95 (mean ±std) p-value vs YOLOv5s 

YOLOv5s 0.79±0.02 0.59±0.02 - 

YOLOv5s WF-ECA 0.82±0.03 0.63±0.03 <0.01 

 

 

To further assess the robustness and generalization of the proposed WF-ECA module, we evaluated 

both YOLOv5s and YOLOv5s WF-ECA on FoggyCityscapes and ExDark, which present challenging 

conditions such as foggy urban scenes and extremely low-light environments. The results, summarized in 

Table 5, show that while detection performance naturally decreases under these difficult scenarios, the WF-

ECA variant consistently outperforms the baseline, demonstrating its ability to enhance feature extraction and 

detection accuracy in adverse conditions. Another important aspect to consider is the influence of the 

proposed attention module on the baseline model's computational efficiency, particularly regarding inference 

speed. Given that our model is based on the ECA mechanism, it remains lightweight. As demonstrated in 

Table 6, the giga floating point operations per second (GFLOPs) metric exhibits negligible change, indicating 

that the addition of the attention module does not meaningfully raise the computational complexity of the 

baseline model. 
 

 

Table 5. Performance of YOLOv5s and YOLOv5s with WF-ECA on FoggyCityscapes and ExDark datasets 
Model Foggy Cityscapes ExDark 

 mAP_0.5 mAP_0.5:0.95 mAP_0.5 mAP_0.5:0.95 

YOLOv5s 0.70 0.47 0.73 0.5 

YOLOv5s WF-ECA 0.77 0.54 0.78 0.54 

 

 

Table 6. Comparison between YOLOv5s and the improved one on the augmented dataset 
Model Number of layers Number of parameters GFLOPs 

YOLOv5s 157 7,012,822 15.8 

Ours 160 7,537,113 15.8 

 

 

To further evaluate the performance of the improved YOLOv5s model, a qualitative visual comparison 

was conducted against the baseline model using a set of novel test images representing challenging 
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environmental conditions, including night-time, fog, and rain scenarios. As depicted in Figure 5, the improved 

YOLOv5s consistently exhibits superior detection performance under adverse conditions. Notably, while the 

standard YOLOv5s experiences a decline in performance in such scenarios, manifested primarily through an 

increase in false negative detections, the enhanced version effectively addresses this issue, as shown in  

Figure 5(a). The improved robustness of the proposed model in challenging visual environments underscores its 

practical applicability and efficacy in real-world settings, as shown in Figure 5(b). 
 

 

  
 

Figure 5. Side-by-side comparison of YOLOv5s and the improved detector with (a) YOLOv5s results and  

(b) improved model outputs 
 

 

4. CONCLUSION  

Maintaining safe driving conditions in scenarios involving poor illumination and adverse weather is 

a critical concern in ADAS systems. Pedestrian detection becomes particularly challenging under these 

circumstances, with even robust models such as YOLOv5 exhibiting reduced performance. This paper 

explored the application of an attention mechanism to address these limitations. An enhanced version of the 

YOLOv5s model was proposed, incorporating a novel WF-ECA module. The model was retrained on an 

augmented dataset specifically designed to simulate challenging conditions, including low-light and blur 

effects. YOLOv5s was chosen as the baseline as it offers an efficient compromise between accuracy and 

computational efficiency, as demonstrated through comparative evaluation with other detection frameworks. 

The novel model achieved a 5% increase in mAP, while maintaining the original inference speed, thus 

confirming the effectiveness of the proposed attention-based enhancement in difficult environmental 

conditions. The inclusion of the WF-ECA module enabled the model to more effectively capture critical 

features in degraded visual inputs. Extensive experiments confirmed that the proposed model consistently 

outperformed the baseline across multiple adverse scenarios. These results emphasize the potential of 

attention mechanisms in enhancing object detection reliability under real-world operational challenges. 
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