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Abstract 

With the rapid development of deep learning and computer vision, related technologies 
have been widely used in many fields. Violation detection occupies an extremely 
important position in target detection. Real-time monitoring and detection of personnel 
in the construction site through video surveillance equipment is a very important 
application scenario. At present, many construction sites still use manual methods to 
observe whether the constructors violate the rules, but this method has great limitations. 
Human energy is limited. As the working time increases, the efficiency will gradually 
decrease. In response to this situation, this article mainly introduces the identification 
of three types of violations of behavior, wear, equipment and facilities. Compared with 
manual methods, it is more efficient and greatly saves labor costs. 
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1. Introduction 

Traditional violation detection is mainly a "person detection person" operation mode, but it is 
limited by the working hours and patrol range of supervisors, and cannot meet the needs of the 
current complex construction sites. With the continuous development of image processing 
technology, the traditional detection of violations on the construction site has gradually 
changed to detecting the surveillance video screen, extracting the characteristics of the target 
and identifying it. Wear testing mainly detects the wearing of personal protective equipment of 
construction workers, such as: Liu Yunbo et al. [1] judged the color and wearing condition of 
construction workers' helmets by detecting the distribution of pixels in the video, and warned 
workers who did not wear helmets to ensure the safety of construction workers as much as 
possible; Action behavior detection is mainly to detect human behavior. For example, Zhang 
Jinlin et al. [2] proposed a monocular visual recognition algorithm that uses a single camera to 
recognize and track multiple semaphore actions, which greatly improves the acquisition of 
information; Equipment and facility testing is mainly to detect the status of construction site 
equipment. For example, literature [3] introduces infrared thermal imaging technology and 
machine vision graphics technology to realize image forming, status identification, fault 
diagnosis and maintenance of power equipment, which greatly improves The accuracy of 
condition monitoring and the response efficiency of the system reduce the burden on staff. 
Compared with manual monitoring, these methods can achieve reasonable allocation of 
resources and effective management of personnel. The improvement of the construction 
environment and the safety of construction personnel have been greatly improved. However, 
there are many uncertain factors in the actual construction environment, such as rain, snow 
and shelter problems, so these methods have great limitations. In recent years, with the 
continuous development of computer technology, deep learning has been greatly developed. 
Many researchers combine deep learning with target detection, which has many advantages 
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compared with traditional target detection algorithms. Neural network-based target detection 
can be roughly divided into two categories: one is a region-based regional convolutional neural 
network, Such as Fast R-CNN, Faster R-CNN; The other is the regression-based SSD (Single Shot 
Multi Box Detector) and YOLO (You Only Look Once) series. 

2. Organization of the Text 

2.1. Wear violation detection 

In the existing construction environment, it is very important for the personnel on the 
construction site to wear personal protective equipment such as safety helmets, safety belts 
and protective glasses. These are the protective equipment of the workers. In the event of an 
accident, they can effectively protect the workers. Safety, to ensure the safety of their lives and 
property. Traditional wear detection is basically performed for the task of image recognition, 
using machine learning and image processing technology to achieve, but it requires manual 
design of features, which has high requirements on the environment, and the manually 
extracted features are not robust. , And the generalization ability is poor. The target detection 
algorithm based on CNN is divided into two-step method and one-step method. The design idea 
of two-step method: first use CNN network or algorithm to acquire a priori box (anchorbox), 
and then perform classification and position regression. Representative algorithms mainly 
include R- CNN[4], Fast R-CNN[5], Faster R-CNN[6]; and the one-step method uses end-to-end 
design ideas, and directly performs anchor acquisition and category in the same CNN And 
location prediction, representative algorithms include YOLO, SSD, YOLOv2 and YOLOv3, etc. [7-
11]. Comparing the two types of algorithms, the one-step method, the monitoring speed is fast, 
the model training is simple, but the detection accuracy is slightly weaker; but the detection 
accuracy of the YOLOv3 algorithm is faster than the detection rate. 

Traditional algorithms mainly use skin color, head and face information with image processing 
and machine learning to achieve. For example, literature [12] uses the YcbCr color model to 
locate the human face with skin color, and then combines image processing and neural network 
to achieve wearing detection. Literature [13] uses a combination of hu matrix and support 
vector machine to complete the detection. Literature [14] uses the Vibe algorithm to detect the 
human body, then uses the embossing algorithm to detect the head, and finally uses the HOG 
algorithm to extract features and combine with SVM to achieve helmet wearing detection. 
Literature [15] uses a deformable component model as a feature carrier, and combines the 
geometric shape, texture, and color features of the image to achieve this. Literature [16] divides 
the entire detection part into two parts, first combining the frequency domain information of 
the image and the direction gradient histogram for worker detection, and then combining the 
color and ring Hough transform features for helmet detection. 

Xu Shoukun et al. [17] aimed at the difficulty and low accuracy of existing helmet wearing 
detection algorithms for partial occlusions, different sizes and small targets, and proposed an 
improved Faster R-CNN and multi-component combination. Safety helmet wearing detection 
method. Use multi-scale training and increase the number of anchor points on the original 
Faster R-CNN to enhance the robustness of the network in detecting targets of different sizes, 
and introduce an online difficult sample mining strategy to prevent the imbalance of positive 
and negative samples, and then wear a safety helmet on the detected ones. Workers and safety 
helmets use a multi-component combination method to eliminate false detection targets. 
Compared with the original Faster R-CNN, it improves the relative detection accuracy and is 
more adaptable to the environment. In [18], in view of the complex application environment of 
helmet detection and identity recognition, the relatively small frame size of the target, and the 
diversity of scenes, a method of helmet wearing detection and identity recognition based on 
improved Faster R-CNN was proposed. Based on the original Faster R-CNN, the feature layers 
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of multiple stages are fused and multi-scale detection is performed, and the size of the candidate 
target frame is modified to achieve the optimal. Xiao Tigang et al. [19] aimed at the problem of 
low detection accuracy and slow detection rate of helmet wearing in intelligent monitoring, and 
proposed an improved wearing detection algorithm YOLOv3-WH on the basis of YOLOv3. By 
increasing the input scale, adding depth can be separated. Convolutional structure; using four 
scales to detect, increase the up-sampling structure layer by 4 times; and optimize the K-Means 
clustering algorithm to make the loss function convergence value smaller and the average IOU 
value larger. In the comparison of experimental data, YOLOv3-WH Compared with YOLOv3, the 
number of detection frames per second (FPS) has increased by 64%, and the average detection 
accuracy (mAP) has increased by 6.5%, which improves the detection speed and greatly 
improves the accuracy of the detection. Cao Yan et al. [20] aimed at when the detected object is 
small, because it occupies a small pixel in the picture. The problem of feature information loss 
occurs in the process of feature extraction. An improved model based on the SSD model-the 
hierarchical SSD model is proposed. Through the hierarchical processing of the feature pyramid, 
Conv-LSTM is introduced to separate the high-feature information from the low-feature 
information layer. Make full use of the feature information of small targets to adapt to the 
complex environmental background of construction sites and difficult problems of small targets. 

2.2. Behavior violation detection 

Existing construction sites have the characteristics of many sources of danger, uneven quality 
of construction personnel, and complex cross-construction surfaces. Therefore, supervision of 
dangerous behaviors of construction personnel has always been indispensable, including 
smoking, illegal leaning, and illegal crossing of fences. As well as illegally climbing high-rise 
buildings, etc., effectively identifying these violations can greatly improve the supervision 
efficiency of the construction site, realize intelligent safety management, and promptly alert the 
offenders to ensure the safety of construction personnel. Action recognition based on deep 
learning is an end-to-end method. The classification is completed by self-learning behavior 
representations in videos on the network, and has a wide range of applications in the safety 
supervision of construction workers. According to the characteristics of the backbone network, 
the action recognition network based on deep learning mainly includes: (1) 2D CNN; (2) 3D 
CNN; (3) Spatio-temporal decomposition network. Among them, 2D CNN is mainly used for 
single-channel images and multi-channel images; 3D CNN is realized by convolving a 3D kernel 
to a video clip; the spatiotemporal decomposition network mainly includes spatiotemporal 
decomposition and convolution of decoupled spatiotemporal filters And the separation of 
spatiotemporal features and channel separation convolution [21]. 

Reference [22] aimed at detecting the behavior of the fence crossing on the job site, and 
proposed a method combining two-dimensional convolution and three-dimensional 
convolution, in which three-dimensional convolution was used to extract the temporal features 
of the input clip; two-dimensional convolution was used to extract the spatial features of the 
current frame , To solve the positioning problem, introduce the SE module on the basis of the 
three-dimensional convolution architecture 3D-ResNext-101 to improve the accuracy of the 
algorithm; use Darknet-19 as the two-dimensional convolution architecture to extract features, 
perform channel fusion and classification regression, and achieve fence crossing Behavior 
detection and recognition. Shi Jiacheng et al. [23] proposed the LRDCN model on the basis of 
LRCN[24], using the dual-stream model and CNN to extract video features, using GRU to 
correlate the front and back features, and using encoding-decoding and maximum likelihood 
estimation methods. Known action sequences introduce new character actions, thereby 
updating network parameters faster and increasing network depth under limited computing 
speed conditions. 
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Fan Yinhang et al. [25] proposed a human action recognition algorithm that combines a 3D 
convolution residual network and a lightweight multi-scale convolution module. The 
intermediate feature map is divided into several sub-images, and then the 3D convolution 
Feature map fusion, extract the multi-scale features of the target and assign different weights 
to each channel, and finally classify. Literature [26] proposed a three-dimensional dense 
convolutional network (3D DenseNet) based on attention mechanism for human action 
recognition in video, using dual-stream network as the basic framework, spatial network using 
three-dimensional dense network for feature extraction, and finally The final result is obtained 
after the fusion of spatiotemporal features and the fusion of the classification layer. Literature 
[27] proposed a recognition method based on a three-dimensional convolutional neural 
network to solve the problem that 2D CNN extracts features from a single frame but does not 
include the motion information encoded between consecutive frames in the actual video. 

In [28], in order to make full use of the spatio-temporal features in the video to improve the 
accuracy of action recognition, a spatiotemporal feature fusion action recognition framework 
using a sparse sampling scheme is proposed. The sparse sampling is used to obtain the RGB 
image and the optical flow image of the video, which are sent to The spatio-temporal features 
extracted by the VGG-16 network are merged with the middle-level spatio-temporal fusion 
features and sent to the 3D CNN to identify the action category. Literature [29] proposes a graph 
convolution model based on the spatio-temporal fusion of attitude motion (PM-STFGCN) in 
order to fuse the motion characteristics of the spatio-temporal domain, using the spatio-
temporal fusion module (PM-STF) based on attitude motion to fuse the temporal and spatial 
domains. Spatial features and self-adaptive enhancement features. 

2.3. Equipment and facilities violation detection 

In recent years, with the continuous development of deep learning computer vision technology, 
image processing technology has become more and more widely used in online equipment 
monitoring. It can not only effectively replace manual inspections, improve work efficiency and 
automation, but also work under high pressure and danger. In harsh environments, real-time 
monitoring of equipment status can effectively ensure the safety and reliability of equipment 
operation [30]. The traditional method is mainly divided into time domain feature extraction 
and frequency domain feature extraction, and statistical analysis of numerical data, such as 
maximum value, minimum value, mean value, variance, etc., is mainly used for feature 
extraction. Compared with traditional recognition algorithms, target recognition algorithms 
based on deep convolutional neural networks such as Faster-RCNN, SSD and YOLO can 
automatically learn target features from a large amount of image data. 

For human action recognition, machine learning methods mainly include traditional SVM, 
decision tree, and naive Bayes. Literature [31] used acceleration sensors and gyroscopes, 
placed these sensors in different positions of the human body for data collection, and used 
Naive Bayes, decision trees and K-nearest neighbors for identification and classification. 
Literature [32] used acceleration sensors, magnetic field sensors, gyroscopes and linear 
acceleration sensors, and the recognition rate was only slightly improved with multiple sensors. 
Literature [33] extracted 43 features, including maximum, minimum, mean, variance, peak 
interval, numerical interval distribution, etc. Literature [34] uses neural networks, but PCA is 
used for feature extraction, and there are some statistical features in the time domain. 

Compared with traditional detection methods, the target recognition algorithm based on deep 
learning has a higher accuracy rate. Zhang Xiaohua et al. [35] designed a recognition algorithm 
based on image processing and deep learning in order to realize the detection and recognition 
of the equipment position in the cabinet. The specific operation is to establish the equipment 
image data set to train the YOLO model, obtain the appropriate weighting coefficient and make 
the loss function The value is the smallest, and the actual environment is detected and identified. 
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Literature [36] uses convolutional neural networks to implement deep learning pattern 
recognition through convolution operations, pooling operations, and network structure and 
settings to identify the pressure, speed, component swing, and abnormal state of component 
swing speed of manufacturing equipment. Lu Wanjie et al. [37] proposed the use of SVM 
algorithm to establish the type recognition of coal mine equipment based on deep learning, and 
the type of coal mine equipment and equipment serial number corresponded one by one to 
realize the precise identification and classification of coal mine equipment by inspection 
robots. . Gao Lu et al. [38] proposed a Faster-RCNN-based fault detection and recognition 
method in order to realize the automatic judgment of equipment failures. By collecting 
monitoring images around the equipment, training the images and obtaining the corresponding 
model, the equipment can be switched on and off. Recognition of status, indicator light 
abnormality and display abnormality. Literature [39] uses an improved YOLO target detection 
framework, uses convolutional neural network to extract features, uses batch normalization 
method to standardize the model, and finally predicts the target bounding box through the RPN 
network to realize the positioning and abnormality of the cable equipment State recognition. 
Literature [40] uses the Mobilenet-SSD deep network model to train the map features in the 
database, and deploys the trained model parameters to the edge computing device to realize 
the identification and location of the equipment oil leakage. 

3. Conclusion 

This article mainly summarizes the three types of violation detection on the construction site, 
and summarizes the practical application of each type of violation detection. Compared with 
the traditional method, the detection method based on deep learning improves the accuracy 
while ensuring real-time performance. It also has a good detection accuracy for the situation 
where there are many targets and overlapping parts on the construction site. Deep learning has 
high speed and accuracy, and has gradually replaced traditional target detection algorithms to 
become the mainstream. 
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