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Abstract 
Wearing safety helmets and safety harnesses when working at heights on construction 
sites is an effective means to protect workers from accidents. An improved YOLOv5 
detection method for safety harnesses and helmets is proposed to improve the detection 
performance of small objects in complex backgrounds. Firstly, a mixed attention 
mechanism is introduced to design the backbone network, which can effectively 
suppress the negative impact of complex backgrounds and improve the model detection 
performance. Secondly, a cross-layer complementary feature fusion network is 
constructed to strengthen the fusion between high and low-level features. It can improve 
the model's ability to adapt to small and medium-sized objects. Finally, DIoU-NMS is used 
to reduce the over-suppression of bounding boxes caused by the proximity of objects.  
A large number of experiments are carried out on a self-built dataset. The results show 
that the mean Average Precision (mAP) of the proposed method reaches 94.5%, which is 
better than that of mainstream detection methods, and the frame rate per second is 48. 
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1. Introduction 

Accidents caused by construction workers not wearing helmets during construction and accidents 
caused by falling due to not wearing safety harnesses when working at height are the more frequent 
types of accidents at construction sites[1,2]. The environment of construction sites is very complex 
and the number of construction workers is large. The way of safety supervision by safety manager is 
less efficient. 

The current rapid development of computer vision technology and target detection technology has 
provided a more efficient and intelligent method for construction site safety supervision. Xu et al.[3] 
introduced Focal Loss to the loss function based on the YOLOv3 algorithm and used GIoU Loss as 
the border loss to improve the helmet recognition accuracy. Gu et al.[4] used the improved OpenPose 
to estimate the posture of construction workers, determined the head region of workers according to 
different postures, and used YOLOv4 to The helmet wearing situation was detected. Wang et al.[5] 
combined YOLOv3 with FaceNet to identify the violating workers while detecting the helmet 
wearing situation. Chu et al.[6] introduced a self-attention module based on SSD target detection 
algorithm for helmet recognition. Gu et al.[7] optimized Faster R-CNN by multi-scale training, 
increasing the number of anchor points and introducing OHEM (Online Hard Example Mining) to 
improve the detection accuracy. Li et al.[8] improved the Faster R-CNN by using Focal loss instead 
of the original loss function and using ROI Align instead of ROI Pooling to construct a helmet 
recognition network for complex operational scenarios. Pang et al.[9] simplified the MTCNN 
network structure by replacing the maximum pooling layer using a common convolutional layer and 
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introducing MobileNet to improve the accuracy and detection speed. Due to the lack of public datasets, 
there are fewer related studies on safety harness detection. Zhang et al.[10] used safety harness model 
images as matching templates to automate detection by OpenCV template matching functions. Fang 
et al.[1] used two convolutional neural network (CNN) models to determine whether workers were 
wearing safety harness while working at heights. 

An analysis of previous studies shows that the complex background of construction sites plays a 
negative role in the target detection process, which can easily lead to false detection. Safety harnesses 
and helmets belong to small targets, and the wearing of safety equipment by workers far from the 
camera is prone to missed detection. To address the problems of existing methods, this paper proposes 
a safety harness and helmet detection method based on the improved YOLOV5. The backbone 
network is designed by introducing the CBAM block structure[11] in the residual structure. This can 
effectively enhance the focus of the model on the target to be detected and reduce the influence of the 
complex background. The proposed cross-layer complementary feature fusion network can enrich the 
feature semantic information and enhance the small target localization detection capability. The 
DIoU-NMS[12] (Distance-IoU Non Maximum Suppression, NMS) is chosen to replace the original 
NMS to reduce excessive suppression caused by the proximity of the target. 

2. Proposed Method 

Considering the dual requirements of accuracy and real-time for target detection algorithms in 
practical engineering applications, this paper designs a model structure based on YOLOv5s[13] as 
shown in Figure 1. 

 

 
Figure 1. The model structure proposed in this paper 

 

The input image is firstly pre-processed at the input side by scaling, rotating and color space 
adjustment of the input image, and the Mosaic data enhancement method is used. Multiple data 
enhancement methods are used to effectively enrich the data samples and improve the robustness of 
the network model, so that the model can be adapted to detect safety harnesses and helmets in more 
construction scenarios. Due to the different sources and sizes of the images in the self-built dataset, 
it is also necessary to uniformly scale the original images input to the network to 640×640, which 
helps to improve the inference speed of the model. Second, the scaled images are passed into the 
backbone network proposed in this paper for preliminary feature extraction. Third, the cross-layer 
complementary feature fusion network constructed is used to deeply fuse the obtained feature maps 
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at each scale to further enhance the fusion of high-level semantic information and the underlying 
features to realize the advantages of complementarity between high and low-level features. It can 
improve the detection performance of small targets in the model. Finally, the fully fused feature maps 
of three different scales are used for target prediction, and DIoU-NMS is used to screen the generated 
detection frame to obtain the final detection result. 

2.1 Backbone Network Design 

The backbone network is a key part of the object detection network. It is responsible for extracting 
the features of the object to be detected. Facing the complex environment, the backbone network 
cannot fully focus on the object to be detected. By introducing an attention mechanism, the model 
can pay more attention to the object to be detected, and improve the performance of the model. 

Currently, attention mechanisms are mainly divided into three categories: channel attention, spatial 
attention, and mixed attention. This paper introduces mixed attention in the backbone network. Figure 
2 shows the structure of a CBAM block[11], which consists of channel attention and spatial attention. 
The CBAM block is a serial structure, and its execution process can be represented by the following 
formula: 

 

  '  ,cF M F F                               (1) 
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Among them, F  represents the feature map input into the module, and 'F  represents the feature 
map after the input is weighted by the attention of the cM  channel. Taking 'F  as new input, sM  

is the weight of the spatial attention, and the final feature map ''F  is obtained. The details of cM  

and sM  are shown in the formulas: 
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where   represents the sigmoid activation function. AvgPool  and MaxPool  represent average 
pooling and max pooling. MLP represents a multi-layer perceptron.  
 

 

Figure 2. The overview of CBAM 
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The CBAM block can be used as a plug-and-play module. The C3 structure is the basic module of 
the yolov5 backbone network[13]. In order to weaken the negative impact of complex background in 
the process of feature extraction, and at the same time do not increase too much computation. We 
combined the CBAM block with the residual structure and designed the C3-CBAM structure, the 
details of which are shown in Figure 3. 

 

 

Figure 3. The overview of C3-CBAM 

2.2 Cross-layer Complementary Feature Fusion Network 

 
Figure 4. The cross-layer complementary feature fusion network 
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According to previous researches, low-level features contain more location information, and high-
level features contain more semantic information. With the deepening of the network, the resolution 
of the feature map gradually becomes smaller, and the high-level semantic information extracted by 
the model becomes more and more abundant. However, the spatial location information is 
continuously lost, and some small objects are easily lost in the high layers of the network, which is 
not conducive to the detection of the model[14,15]. 

The cross-layer complementary feature fusion network we proposed in this paper makes full use of 
the advantages of high and low layer features. Commix high-level semantic information and 
localization information to break the imbalance between high-level features and low-level features. 
It can improve model performance. 

The structure shown in Figure 4 is the cross-layer complementary feature fusion network proposed 
in this paper. The top-down structure transfers the rich semantic information of the high-level to the 
lower-level through the up-sampling operation, and the bottom-up structure transfers the low-level 
positioning information upwards to improve the utilization of low-level features. Considering that the 
distance between high-level and low-level is far, and high-level feature information is more likely to 
be lost, cross-level connections in the horizontal and vertical directions are designed. The horizontal 
connection in the figure fuses the middle and high-level feature maps at the same level through the 
Concat operation so that the overall features are more abundant, and the vertical connection is used 
to quickly transfer the high and low-level features to improve the detection accuracy. 

2.3 DIoU-NMS 

In the inference and prediction link, the detection end needs to screen a large number of overlapping 
bounding boxes. NMS uses the Intersection over Union (IoU) of the predicted box and the real box 
as the only evaluation index. In the actual construction site, the activities of workers are relatively 
frequent. When the distance between the two objects to be measured is very close, the IoU value is 
usually larger, and the bounding boxes of the adjacent objects are easily eliminated. Therefore, this 
paper used DIoU-NMS to suppress overlapping bounding boxes, and while considering the IoU index, 
the distance between the center points of the two prediction boxes is also judged[12]. The formula 
for DIoU-NMS is as follows: 
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( , )iM B  represents the Euclidean distance between the center points of the two prediction boxes. 
c  represents the diagonal length of the minimum circumscribed rectangle of the two overlapping 
bounding boxes, and   is the set threshold size. 

3. Experiments and Results 

3.1 Dataset 

There are currently no publicly available data sets of safety harnesses for workers working at heights. 
For this, we built a dataset with 3150 images for training and testing. The dataset comes from three 
main sources: field video recordings, adaptations of the hard hat dataset published by Wang et al.[16], 
and web crawlers. We use LabelImg to annotate the collected images in four categories: safety-
harness, dangerous, helmet, head. Working at heights without a safety lanyard is an extremely 
dangerous act, and we have marked it as dangerous. Safety-harness and dangerous mark the location 
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of the worker's chest (where safety harnesses often appear), and helmet and head mark the worker's 
entire head. We divided the dataset into training set, validation set, and test set according to 16:4:5. 

Figure 5 shows the base case of the dataset. The dataset includes common safety harness styles and 
colors on construction sites. In order to alleviate the problem that reflective clothing is easily 
mistakenly identified as a safety harness, we specifically added reflective clothing of various styles 
and colors to the data set. The construction scenes contained in the dataset are also relatively rich. 

 

 
Figure 5. Dataset 

3.2 Ablation Experiments 

In order to fully verify the effectiveness of each module proposed in this paper, based on YOLOv5s, 
ablation experiments are used for comparative analysis. The effectiveness of the redesigned backbone 
network, the cross-layer complementary feature fusion network, and DOU-NMS is verified. The 
experimental results are shown in Table 1. Using DIoU-NMS for post-processing can slightly 
improve the model performance and reduce the excessive suppression of the bounding boxes caused 
by the proximity of workers. After using the backbone network constructed by C3-CBAM, the mAP 
of the model increased from 93.4% to 93.9%. This shows that the CBAM block can make the model 
pay more attention to the objects under detection. It can reduce the negative impact caused by the 
complex background. The cross-layer complementary feature fusion network proposed in this paper 
increases mAP from 93.4% to 94.2%. This shows that the feature fusion structure designed in this 
paper can effectively integrate the information of high and low layers so that the advantages of high 
and low layers are fully complementary. When the three modules are introduced at the same time, the 
mAP of the model is improved by 1.1%. 
 

Table 1. Ablation experiments based on YOLOv5s 

DIoU-NMS C3-CBAM Our FPN mAP/% 

- - - 93.4 

√ - - 93.6 

- √ - 93.9 

- - √ 94.2 

√ √ √ 94.5 
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3.3 Comparison of Different Network Architectures 

In order to further verify the effectiveness of the method proposed in this paper, this paper compares 
the current more popular target detection algorithms. All experiments are done in the same 
environment and on the same training set, validation set, and test set, and the confidence level is 
uniformly set to 0.7. Table 2 shows the comparison results of different detection methods. As can be 
seen from the table, the method proposed in this paper is superior to the comparison methods in 
detection performance and speed, and the model size is only 19.1MB, which is easy to deploy. Figure 
6 shows the comparison of experimental methods and different algorithms. 

 

Table 2. Comparison results with other object detection methods 

Algorithm mAP/% FPS Weights file/MB 

Faster-RCNN 89.05 17 521 

SSD 85.98 39 92.1 

YOLOv4 89.14 25 244 

 Ours 94.5 48 19.1 

 

 
Figure 6. Comparison of test results 

4. Conclusion 

This paper proposes an improved YOLOv5 model for the detection of safety harnesses and helmets 
during building construction. By introducing the CBAM module to improve the backbone network, 
so as to improve the feature expression ability of the model. A cross-layer complementary feature 
fusion network is designed. It makes full use of the advantages of high-level and low-level features, 
breaks the imbalance between them, and achieves complementary advantages. The detection 
performance of the model for small and medium-sized objects is improved. In the post-processing 
stage, DIoU-NMS is used to reduce the excessive suppression of bounding boxes caused by the 
proximity of the objects. Through the comparison experiment with mainstream methods, it is 
confirmed that the method proposed in this paper can accurately identify the personal safety 
protection equipment in the complex construction environment. Detection speed meets real-time 
application requirements. 
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