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severe occlusion and scale variations due to static feature fusion
mechanisms. The main research contribution is the development of an
enhanced YOLOv8n architecture integrating a novel Adaptive Feature
Concatenation Module (AFCM) to address these limitations. Unlike
standard concatenation, the proposed method employs AFCM in the neck
network to dynamically recalibrate input features using learnable scalar
weights normalized via Softmax. This mechanism allows the model to
selectively emphasize semantically rich features while suppressing
background noise without increasing channel dimensions. Experimental
validation on the Construction Site Safety Image Dataset (CSSID)
demonstrates that the model achieves an mAP@50:95 of 51.42%,
surpassing the baseline YOLOv8n by 3.45%. Comparative analysis
confirms that the proposed method outperforms state-of-the-art lightweight
detectors, including YOLO-GP and MKD-YOLO, particularly in
recovering small and occluded targets. Crucially, these improvements are
achieved while maintaining 3.00 million parameters and 8.1 GFLOPs,
identical to the baseline, ensuring no additional computational overhead.
Consequently, the proposed framework offers a viable and effective
solution for real-time, automated safety monitoring in resource-constrained
edge devices.

© 2025 The Authors.
Published by Association for Scientific Computing Electrical and Engineering.
This is an open-access article under the CC-BY-NC license.

1. Introduction

The construction industry plays a strategic role in infrastructure development and economic
growth, yet it remains one of the most hazardous sectors due to the dynamic nature of labor, tools, and
materials [1]-[3]. Construction safety management is therefore a priority to mitigate significant
socioeconomic impacts [4]-[6], where the primary line of defense is the strict monitoring of Personal
Protective Equipment (PPE) compliance [7]-[10]. However, non-compliance remains a major factor
in accidents, often driven by behavioral factors and operational constraints [11]-[13]. Traditional
monitoring methods, reliant on manual inspections, are labor-intensive, costly, and prone to human
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error [ 14]-[16]. Consequently, there is an urgent need for automated monitoring solutions capable of
detecting PPE usage reliably in real-time [17]-[20], ensuring objective evidence generation [21]-[24].

While early automated approaches utilized sensor-based technologies like GPS and RFID [25],
[26], these systems are less practical for dynamic sites due to device maintenance requirements [27].
To overcome these limitations, researchers have shifted toward computer vision-based detection [28].
Early vision methods depended on handcrafted features or pose estimation [29], [30], but modern deep
learning has superseded these with dominant architectures: two-stage detectors (e.g., Faster R-CNN)
and one-stage detectors (e.g., YOLO) [31]-[34]. While two-stage models excel in accuracy [35], [36],
one-stage detectors are preferred for their inference speed [37]. Numerous studies have optimized
YOLO variants (v3, v5) [38]-[41] and other architectures like SSD [42] for this domain. Subsequent
research introduced enhancements such as face-helmet regression [43], anchor-free mechanisms [44],
and MobileNet backbones [45]. To improve robustness, recent works have integrated aggregated
attention [46], pose estimation [47], and edge-tailored optimizations [48], alongside refinements for
class separation [49], dynamic convolution [50], and unsafe behavior detection [51], [52]. Advanced
attention mechanisms have also been explored to address small object detection [53], [54].

Recently, several lightweight detectors have been specifically tailored for the Construction Site
Safety Image Dataset (CSSID). Notable examples include YOLO-GP with Grouped Pointwise
Convolution [55], MKD-YOLO utilizing knowledge distillation [56], YOLO-DS for low-light
conditions [57], and GSO-YOLO for global optimization [58]. However, a critical research gap
remains: these state-of-the-art lightweight models typically rely on static feature fusion mechanisms
in the neck network. This approach assigns equal importance to all input features, leading to
suboptimal performance when detecting small or occluded objects where semantic information must
be distinguished from background noise.

To address this limitation, the research contribution is the development of an Adaptive Feature
Concatenation Module (AFCM) integrated into the YOLOvS8n architecture. Unlike static fusion,
AFCM dynamically recalibrates feature importance using learnable scalar weights, allowing the
network to emphasize relevant features while suppressing noise. This study aims to significantly
enhance detection robustness in complex environments without sacrificing the computational
efficiency required for real-time deployment.

2. Method
2.1. Research Procedure

The systematic workflow of this research is illustrated in Fig. 1. The procedure begins with the
acquisition of the Construction Site Safety Image Dataset (CSSID), which is utilized in its pre-
processed and pre-split state to ensure standardization. The core development phase involves the
design of the proposed method, specifically integrating the Adaptive Feature Concatenation Module
(AFCM) into the neck of the YOLOvV8n architecture. Following this, the model undergoes a rigorous
training process configured with the SGD optimizer, a learning rate of 0.01, and a duration of 300
epochs. Finally, the model is evaluated and compared against state-of-the-art (SOTA) methods using
comprehensive metrics, including mAP, Precision, Recall, Fl-score, as well as computational
efficiency indicators such as Parameters and GFLOPs.

2.2. Baseline Model

Baseline model the YOLOvS8n architecture is selected as the baseline framework due to its
optimal balance between inference speed and detection accuracy [46], [48]. Briefly, the architecture
comprises a CSPDarknet53 backbone for feature extraction, a Path Aggregation Network (PANet)
neck for multi-scale feature fusion, and a decoupled head for object prediction. However, a critical
limitation in the standard neck is its reliance on a static concatenation mechanism, which assigns equal
importance to all input channels regardless of their semantic content. This lack of adaptability is
suboptimal for construction safety monitoring, where upsampled feature maps often introduce
background noise that suppresses the semantic details of small or occluded objects [7]. To address this
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specific deficiency, this study replaces the standard fusion layers with the proposed adaptive

mechanism.
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Fig. 1. The systematic research methodology flowchart illustrating the sequential phases from data
acquisition to performance evaluation

2.3. Adaptive Feature Concatenation Module (AFCM)

The core contribution of this study is the Adaptive Feature Concatenation Module (AFCM).
Unlike element-wise summation methods (e.g., BiIFPN) which cause information loss through channel
compression, or complex attention mechanisms (e.g., SE, CBAM) that introduce significant
computational overhead, AFCM employs a lightweight, learnable weighting mechanism directly on
the concatenation operation. The structure of the proposed AFCM is illustrated in Fig. 2.

O

6%
|

Concat OAFCM

XN

®

Fig. 2. Structure of the proposed adaptive feature concatenation module (AFCM). The module takes multi-
scale feature maps as input, applies learned weights normalized via Softmax, and fuses them through a
weighted concatenation operation

Let X = {xq, x5, ..., x5} denote a set of input feature maps from different scales. We define a
corresponding set of learnable scalar weights w = {wy, wy, ..., wy }. To ensure numerical stability and
restrict the weights to a normalized range of (0,1), a Softmax normalization is applied, as defined in

(1).

eVi
w; (1)
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where ¢ is a small constant (1 X 10™%) to prevent division by zero, and e is the Euler's number,
ensuring that the resulting weights are always positive and differentiating the importance of features
non-linearly. Critically, the raw parameters w; are initialized to values that ensure a balanced initial
contribution from all inputs, mimicking standard concatenation at the start of training to ensure
optimization stability. The final output O4rcp is obtained by scaling each input feature map with its
normalized weight, as shown in (2).

Oarcm = Concat(vy - x1, Wy * X3, ..., Wy + Xy) (2)

Through end-to-end backpropagation, the network learns to adjust Ww; dynamically. This
mechanism allows the model to selectively suppress inconsistent features (such as background noise
in upsampled layers) and amplify strong semantic cues from the backbone without altering the output
channel dimensions or increasing inference latency.

2.4. Integration into YOLOvV8n

The proposed AFCM is seamlessly integrated into the YOLOvV8n architecture by replacing the
standard concatenation layers within the PANet neck. This modification is strategically applied at two
distinct fusion stages to address specific detection challenges as shown in Fig. 3.
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Fig. 3. Integrated AFCM into YOLOv8n

1. Top-Down Pathway: Fuses high-level features from the backbone with upsampled features. At
this stage, AFCM is critical for enhancing semantic context, helping the model correctly classify
objects even when they are partially occluded.

2. Bottom-Up Pathway: Fuses low-level features with the semantic-rich streams. Here, AFCM
prioritizes the preservation of fine-grained spatial details, which is essential for localizing small
objects such as distant hardhats or safety vests.
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Crucially, since AFCM operates using simple scalar weights rather than convolutional layers, it
maintains the output channel dimensions consistent with the original architecture. Consequently, it
introduces zero additional parameters and negligible GFLOPs, ensuring that the enhanced model
remains lightweight and suitable for real-time deployment on edge devices.

2.5. Dataset and Implementation Details

To evaluate the effectiveness of the proposed method, this study utilizes the Construction Site
Safety Image Dataset (CSSID) sourced from the Roboflow platform. The dataset consists of images
standardized to a resolution of 640 X 640 pixels to ensure consistent input dimensions. To enhance
generalization capability, the dataset includes variations generated through geometric and photometric
augmentations, such as random rotation and brightness adjustments. The specific distribution of object
instances across the training, validation, and testing sets is detailed in Table 1.

Table 1. Distribution of object instances per class across training, validation, and testing sets in CSSID

Number of Instances

Class Train Validation Test Total
hardhat 3,145 79 110 3,334
mask 1,651 21 28 1,700
no-hardhat 2,317 69 41 2,427
no-mask 3,097 74 79 3,250
no-safety vest 3,962 106 90 4,158
person 9,532 166 174 9,872
safety cone 3,366 44 92 3,502
safety vest 3,033 41 61 3,135
machinery 5,247 55 44 5,346
vehicle 1,545 42 41 1,628
Total 36,895 697 760 38,352

All experiments were conducted on the Kaggle cloud platform utilizing an NVIDIA Tesla P100
GPU with 16 GB of VRAM. The software environment was configured with Python 3.10 and the
PyTorch framework. The models were trained using the Stochastic Gradient Descent (SGD) optimizer
with an initial learning rate of 0.01, momentum of 0.937, and weight decay of 5 X 10™*. To ensure
efficiency, the training duration was set to 300 epochs, incorporating an early stopping mechanism
with a patience of 25 epochs to prevent overfitting.

3. Results and Discussion
3.1. Comparison with State-of-the-Art Model

To rigorously validate the efficacy of the proposed YOLOvE-AFCM, a comparative analysis was
conducted against the baseline and recent lightweight detectors tailored for safety detection, including
YOLO-GP [55], MKD-YOLO [56], YOLO-DS [57], and GSO-YOLO [58]. The results are
summarized in Table 2.

Regarding the fairness of the experimental settings, it is important to note that all comparative
models listed in Table 2 were evaluated under identical conditions. Specifically, all models utilized
the exact same training and testing splits of the CSSID dataset and were trained with a standardized
input resolution of 640 X 640 pixels. This standardization ensures that the observed performance
differences are solely attributable to the architectural innovations rather than discrepancies in data
distribution or input scaling.

As demonstrated in Table 2, the proposed method establishes a new benchmark for the CSSID
dataset. The YOLOv8n-AFCM achieves an mAP@50:95 of 51.42%, surpassing the baseline
YOLOvVS8n (47.97%) by a substantial margin of 3.45%. Crucially, in terms of computational
efficiency, the proposed model maintains an extremely lightweight profile with only 3.00 M
parameters and 8.1 GFLOPs. This stands in sharp contrast to GSO-YOLO, which requires
significantly higher resources (9.44 M parameters, 13.2 GFLOPs) to achieve lower accuracy
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(44.25%). Even compared to the highly optimized MKD-YOLO, our method delivers a +6.82%
improvement in mAP@50:95, confirming that the dynamic feature fusion of AFCM is more effective
than knowledge distillation for this specific task.

Table 2. Performance comparison with state-of-the-art methods on CSSID

Params Precision Recall F1-Score mAP@S0 mAP@5S0:95
Modl oy OO ) ) ) (%) (%)
YOLOvV8n 3.00 8.1 87.73 70.22 77.64 76.57 47.97
YO[Ig?]-GP 7.27 15.1 81.30 59.80 68.90 66.30 35.00
MKD-
YOLO [56] 2.43 12.1 - - - 78.20 44.60
YO[L5(7)]-DS 3.14 20.4 83.90 64.91 72.70 70.81 39.49
GSO[-SYg]OLO 9.44 13.2 82.20 68.48 74.15 73.50 44.25
Proposed 3.00 8.1 90.83 72.99 80.46 78.96 51.42

3.2. Ablation Study

To isolate the contribution of AFCM, we evaluated four configurations: Baseline (Concat),
Weighted Add (Summation), Attention Concat, and the proposed AFCM. The results are detailed in
Table 3. The proposed YOLOv8n-AFCM is the only configuration that improves performance over
the baseline. Conversely, the “Weighted Add” [59] strategy resulted in a performance drop to 44.74%,
confirming that channel compression causes “destructive interference,” where valuable spatial cues
are lost. Similarly, adding complex attention mechanisms (Attention Concat) [60] degraded mAP to
42.43%, suggesting that excessive complexity introduces optimization difficulties on noisy
construction images. These findings validate that the simple, learnable scalar weighting of AFCM
provides the optimal balance between adaptability and stability.

Table 3. Ablation study of different feature fusion mechanisms on CSSID.

Precision Recall F1-Score o L0=/0
Model %) %) %) mAP@50(%) mAP@50:95(%)
YOLOv8n 87.73 70.22 77.64 76.57 4797
YOLOVS“'[\;G]‘ghted Add 84.54 67.26 74.49 73.70 44.74
YOLovgn'A[‘gg]m“’“ Concat 82.73 65.82 72.82 71.63 0243
YOLOv8-Weighted Concat 90.83 72.99 80.46 78.96 51.42
(proposed)

To further substantiate the improvement attributed specifically to the AFCM module, a statistical
significance test (Welch’s t-test) was conducted comparing the confidence scores of the Baseline and
the proposed model across the test set. The analysis revealed that the AFCM achieved a mean
confidence score of 0.7135, significantly surpassing the Baseline’s mean of 0.6674. With a calculated
p-value of 2.51 x 107> (p < 0.001), the results confirm that the performance gain demonstrated in
the ablation study is statistically significant, proving that the AFCM systematically reduces prediction
uncertainty.

3.3. Qualitative Analysis

To provide intuitive evidence of the model's robustness, Fig. 4 visualizes detection results on a
challenging test sample characterized by varying lighting conditions and object scales. First, regarding
object recovery, the baseline model (Fig. 4 a) exhibits a critical False Negative by failing to detect the
black vehicle located in the background on the left side. Visual inspection suggests that this failure is
primarily caused by poor contrast and visual camouflage, where the dark texture of the vehicle blends
seamlessly with the wet, shadowed asphalt. In standard convolution operations, such low-gradient
boundaries are often lost during downsampling. In contrast, the proposed YOLOv8-AFCM (Fig. 4 ¢)
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successfully recovers this difficult object with a confidence score of 0.56. This recovery demonstrates
that the AFCM’s adaptive weighting mechanism effectively amplifies weak spatial features, such as
the vehicle’s silhouette against the building, which allows the model to distinguish the object from the
background noise despite the severe lack of contrast.

Second, regarding confidence enhancement, both models successfully detect the prominent white
dump truck on the right. However, the baseline achieves a confidence score of 0.87, whereas the
YOLOv8n-AFCM improves this to 0.97. This specific instance aligns with the statistical validation
presented in the ablation study (Section 3.2), serving as a visual confirmation that the confidence gain
is consistent across the dataset.

Fig. 4. Visual comparison of detection results. (a) Ground Truth showing annotations for vehicles and
workers. (b) Baseline YOLOv8n results. (¢) Proposed YOLOv8n-AFCM results

3.4. Discussion

The primary finding of this study is that replacing static concatenation with the proposed
Adaptive Feature Concatenation Module (AFCM) significantly enhances detection performance
without incurring additional computational overhead. The experiments validate that the dynamic
feature recalibration effectively addresses the challenge of occlusion in construction sites, achieving
a 3.45% improvement in mAP@350:95 compared to the baseline. This performance gain is not merely
improved accuracy but also increased prediction certainty, as evidenced by the statistically significant
rise in mean confidence scores (p < 0.001).

In the context of existing literature, this study distinguishes itself by prioritizing fusion efficiency
over architectural complexity. Unlike previous works such as YOLO-GP [55] and GSO-YOLO [58],
which rely on complex convolutional modules to improve accuracy, often at the expense of parameter
efficiency, our approach optimizes how features are combined. Critically, while some SOTA methods
achieve high accuracy by increasing network depth or input resolution, our comparison reveals that
YOLOvV8n-AFCM outperforms them (e.g., MKD-YOLO) even when evaluated under identical
experimental settings (640 X 640 pixels). This confirms that for lightweight models, refining the
feature fusion process is more effective than simply adding heavy architectural blocks.

These findings have significant implications for real-time construction safety monitoring. The
model maintains an identical GFLOPs count (8.1) to the baseline, ensuring it can be deployed on
resource-constrained edge devices without requiring hardware upgrades. Furthermore, the improved
Recall, specifically the ability to recover low-contrast objects like the black vehicle discussed in the
qualitative analysis, directly translates to fewer missed safety violations, potentially reducing accident
rates in dynamic and visually cluttered site environments.

Despite these strengths, particularly the AFCM’s ability to filter background noise via Softmax-
normalized weights, certain limitations remain. The current evaluation focused on standard daylight
and overcast conditions. The model’s robustness in extreme weather scenarios, such as heavy rain or
dense fog, has not been fully stress-tested. Future work should address these environmental variables,
potentially by incorporating temporal information from video sequences to further stabilize detection
in adverse conditions.
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4. Conclusion

This study presented YOLOv8n-AFCM, a lightweight object detector that introduces a
theoretical shift from conventional feature concatenation to dynamic channel recalibration. By
effectively emphasizing relevant features and suppressing background noise, the proposed Adaptive
Feature Concatenation Module (AFCM) addresses the critical challenge of occlusion in construction
site safety monitoring. The experimental results confirm that this approach establishes a new state-of-
the-art on the CSSID benchmark, achieving a 3.45% improvement in mAP@50:95 compared to the
baseline. Critically, these gains are achieved with identical computational complexity (8.1 GFLOPs),
contributing new knowledge to the domain by demonstrating that optimizing feature fusion is a far
more efficient strategy for real-time edge deployment than increasing architectural depth.

Despite these advancements, the study has limitations. The evaluation was strictly confined to
static images within the CSSID dataset and standard lighting conditions; the model’s robustness in
extreme environments, such as heavy rain or dense fog, remains to be fully quantified. Furthermore,
the current implementation does not yet exploit temporal correlations found in video streams.

Future work will directly address these limitations by extending the AFCM mechanism to video-
based architectures. Specifically, we aim to integrate temporal attention modules to stabilize
detections across frames, thereby enhancing reliability in adverse weather conditions. Additionally,
we plan to validate the generalizability of the AFCM by applying it to other lightweight architectures
beyond the YOLO family.
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