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Abstract Aiming at the problem of recognizing construction personnel's safety gear in the context of smart 
construction site, this paper designs a surveillance video compression and target detection model based on 
convolutional neural network. The network is reconstructed by reversible convolutional blocks to save the memory 
consumption during training. ResNet-50 network is used as the feature extraction network of BCNN, and the task 
difference maximization mechanism is introduced to construct the RTF-BCNN target detection model. The 
performance level of video compression and target detection of the proposed model is examined through empirical 
analysis of power smart site monitoring videos. The proposed video compression model significantly improves the 
coding efficiency while maintaining the compression performance, with an average time saving of 25.446%, an 
average PSNR loss of 0.058 dB, and a bit rate increase of basically no more than 3%. Compared to the ResBCNN 
model without embedded TDM module, the RTF-BCNN model mAP accuracy is improved by 2.446%, the P-R curve 
area is larger, and the helmet AP increases from 91.89% to 98.26%. Compared with other model running speeds, 
the RTF-BCNN model FPS value reaches 67.842 frames/s, which is significantly higher than the comparison model. 
The experimental results show that the method designed in this paper can be effectively used to recognize protective 
and safety equipment and improve the safety management of construction site workers. 
 
Index Terms smart construction site, video compression, convolutional neural network, RTF-BCNN model, target 
detection 

I. Introduction 
Intelligent management of electric power construction sites is of great significance for safeguarding the safety of 
personnel and property, standardizing the site management order, and reducing the cost of site supervision [1]. 
Intelligent construction site integrates advanced technologies such as Internet of Things, big data, cloud computing, 
etc., and is committed to enhancing the intelligent level of construction site management by means of information 
technology, and promoting the development of the construction process of refinement, efficiency and safety [2]-[4]. 
It not only connects the various technical means to form a synergistic effect, but also plays an irreplaceable role in 
improving construction efficiency and project quality [5], [6]. In addition, the construction of smart construction sites 
can also reduce resource consumption and operating costs, while effectively preventing and responding to various 
types of safety risks, providing strong support for the sustainable development of the construction industry [7], [8]. 

However, the power construction site to be tested area exists vehicle frequent access, personnel walking casually, 
large area range, data collection is missing and other problems, there is an urgent need to realize the construction 
site of the full range of multi-angle intelligent monitoring [9]-[11]. In this context, the design of intelligent background 
monitoring system with high detection accuracy and low false detection rate, which can realize separate and 
simultaneous identification of people and vehicles, can significantly improve the intelligent management level of 
electric power construction sites, realize the regional monitoring of intelligent construction sites, and play an 
important role in improving the safety of personnel and property, and maintaining the management order of the 
whole construction site, and have a high value of engineering applications [12]-[15]. 

Aiming at the problem of abnormal behavior recognition in electric power smart site, this paper firstly designs a 
video compression coding scheme. Secondly, a lightweight and efficient video compression sensing framework is 
built at the edge end. A spatially variable scale compressed sampling network based on weight reuse is proposed, 
and RKConv is used to realize network lightweight. Finally, improve the BCNN model and select ResNet-50 as the 
backbone network. Add the task difference maximization module to obtain the attention feature information and 
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construct the target detection model based on convolutional neural network. Combined with the construction project 
site collection and Internet crawler acquisition, the self-made helmet image dataset is produced. The analysis is 
carried out from the dimensions of coding efficiency and quality change of the optimized images to evaluate the 
video compression performance of the proposed model. Based on ablation and comparison experiments, the 
improvement effectiveness and overall performance level of the RTF-BCNN model are examined. 

II. Convolutional neural network-based video data compression and target detection 
model design 

With the accelerated digital transformation of the electric power industry, the construction of smart construction sites 
has put forward higher requirements for the real-time and accuracy of construction safety monitoring. Traditional 
video surveillance systems face multiple challenges in complex construction site environments: on the one hand, 
the transmission and storage of high-definition video streams lead to huge consumption of bandwidth and arithmetic 
resources; on the other hand, the real-time detection accuracy of construction personnel's safety gear (e.g., helmets) 
is limited by the complexity of the model and computational efficiency. Accordingly, this paper proposes a co-
optimization framework that integrates video compression and target detection to provide a lightweight solution for 
intelligent construction site safety management. 
 
II. A. Video compression coding framework 
The basic structure block diagram of the video compression coding system is shown in Fig. 1. As can be seen from 
Figure 1, the choice of video coding method is closely related to the model of the source that can be used. For 
example, a source model based on “an image is composed of a finite number of pixels” is used. The parameters of 
this source model are the magnitude values of luminance and chromaticity of each pixel. The technique of 
compression coding of these parameters is called waveform-based coding. If we use a source model in which a 
component is composed of several objects, then the parameters of the source model are the shape, texture, and 
motion of each object. We refer to the technique of compression coding of these parameters as content-based 
coding. 
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Figure 1: Basic structure of video compression coding 

To summarize, according to using different source models, we classify video coding into two main categories, one 
is waveform-based coding; the other is content-based coding. They use different compression methods for video 
signals, respectively, to obtain the corresponding parameters before quantization, and then quantize these 
parameters, using binary codes to represent the quantized values of these parameters, and finally lossless entropy 
coding to further improve the bit rate. And the process of decoding is the inverse process of coding. 

 
II. B. Lightweight and Efficient Video Compression Sensing and Reconstruction at the Edge End 
II. B. 1) General framework 
The model in this paper uses only one set of weights to generate the compressed sampling and reconstruction 
network parameters for both sampling rates. In the compression stage, this paper first extracts the ROI region using 
the proposed ROI extraction method based on compressed representation, and then generates the weights of the 
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two compressed sampling networks of high and low sampling rates through the shared weight matrix, after which 
the ROI region image is compressed and sampled using high sampling rate to get the compressed representation 
of high sampling rate, and the reference frame is compressed and sampled using low sampling rate to get the 
compressed representation of low sampling rate. When the reference frame is unchanged, only the high sampling 
rate representation is transmitted, otherwise the low and high sampling rate compression representations are 
transmitted; in the reconstruction stage, the two compression representations of both high and low sampling rates 
are reconstructed using the weight reuse reconstruction network proposed in this paper to obtain the reconstructed 
region of change image and the reconstructed background image, respectively, and finally the two images are 
spliced together to obtain the final reconstructed frame. 
 
II. B. 2) Multi-sample rate adapted compressive sampling network based on convolutional kernel multiplexing 
In order to reduce the size of the weight parameters of the required sampling network and to realize multi-sampling 
rate adaptation, this paper proposes a multi-sampling rate adapted compressive sampling network. Multiplexing 
different regions of the same weight matrix to realize compressive sampling at different airspace sampling rates can 
reduce the size of the network parameters, reduce the required volume of the sampling network, and facilitate the 
deployment of the compressive sampling network at the edge. In this paper, we propose a convolution module 
(RKConv) based on convolution kernel multiplexing, different sampling rates of the sampling network in the common 
weight matrix width, height and depth of the three dimensions of multiplexing, which in the feature map width and 
height dimensions of the multiplexing area visualization shown in Figure 2, in the depth of the feature map 
multiplexing mode is to take the first few convolution kernels. 

Shared weight matrix

Weights are reused

Sampling 
matrix 1

Sampling 
matrix 2  

Figure 2: Multiplexing regions in the feature map wide and high dimensions 

The spatial variable scale compressive sampling based on weight reuse proposed in this paper is shown in 
Equation (1): 

  , , dry RKConv x    (1) 

where   is the sampling matrix and 
dr  is the parameter that adjusts the weight reuse range. The reuse of 

the sampling matrix is formulated as described in equation (2). Where   is the sampling matrix, 
îj  denotes a 

slice of the shared weight matrix, and four slices 
1 1̂ , 

12̂ , 
21̂ , 

22̂ , corresponding to the four quadrants of the 

sliced region, and finally these slices are synthesized into a new convolution kernel ˆ
d r . 
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 (2) 

According to different sampling rate requirements can be targeted to reuse a part of the weight matrix, so as to 
obtain the convolution kernel ˆ

d r  required by the corresponding sampling network, after which the convolution 

kernel is used to carry out ordinary convolution operations, the process is shown in Equation (3): 
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 ˆ( , , ) ( , )dr dry RKConv x Conv x     (3) 

The spatially variable scale compressive sampling network based on weight reuse proposed in this chapter is 
trained using transposed convolution to obtain reconstruction results corresponding to 100% sampling rate as a self 
distilling target for compressive sampling and reconstruction network with 15% and 2% sampling rates, and only 
15% and 2% sampling rates are used for compressive sampling in inference. 

 
II. C. Target detection model based on improved BCNN 
II. C. 1) Bilinear CNN Model Basics 
Bilinear Convolutional Neural Network (BCNN) is a weakly-supervised learning convolutional neural network for 
fine-grained image recognition.The core idea of BCNN is to use bilinear pooling operations to capture the 
relationship between features in two different regions of an image, thus generating a richer and high-dimensional 
representation of the features. In the target recognition task, the convolutional neural network A   is able to 
recognize local features, and the convolutional neural network B   is able to recognize specific locations. The 
feature vectors extracted from the two convolutional neural network models are then dot-producted to obtain a 
feature representation with higher dimensionality and richer information. This process helps to capture the 
correlation and interaction information between different features, thus improving the overall target feature 
representation and differentiation. Therefore, in this paper, BCNN, which has better performance in fine-grained 
recognition, is chosen as the benchmark network to carry out the study of fine-grained classification of surveillance 
videos from electric power smart sites. 

BCNN can be represented by a quaternion function  , , ,A BB f f P C  , where 
Af   and 

Bf   are the feature 

functions, which are the features output from the input image through convolutional neural network A   and 

convolutional neural network B  respectively. P  represents the pooling function and C  is the classification 

function.The mathematical formula for the computation of each position of the features in BCNN is shown in equation 
(4): 

 ( , , , ) ( , ) ( , )T T
A B A Bbilinear l I f f f l I f l I X X    (4) 

Here I  denotes the input image, and l  denotes the location range of the input image.BCNN extracts the input 

image I  into two feature maps by different branches, and then expands the feature maps into a matrix d NX R  , 

where N  denotes the number of features in the image feature map, and d is the number of channels in the 

feature map. By performing the outer product operation on the inner product between channels, each element of 
the matrix is able to capture the pairwise correlation between different feature dimensions, and at the same time 
the interaction between features can be modeled. 

 
II. C. 2) Design of the RTF-BCNN model 
Power smart site surveillance videos are more complex, with unclear local feature information, making it difficult to 
capture subtle differences in specific areas for classification. Accurately extracting these subtle differences is the 
key to fine-grained target recognition.ResBCNN uses ResNet-50 as the backbone network, which effectively utilizes 
ResNet-50 to efficiently capture features in the image.However, since ResNet can only capture features through a 
limited number of receptive fields within each residual block, this may lead to insufficient discriminative feature 
extraction of the target in the model. Therefore, this chapter introduces the Task Difference Maximization (TDM) 
module on top of ResBCNN to help the model better capture the discriminative features of the target and improve 
the accuracy of target fine-grained recognition. 

(1) Supporting the Attention Module 
The support focus module enables the model to focus on features related to categories, i.e., give higher weight 

to key detail features in surveillance images. It utilizes the feature maps of the support instances as inputs and finds 
discriminative channels for each category. The structure of the support attention module is shown in Fig. 3, where 

inter
iR  is the inter-category score, which measures how much information the channel of the category contains that 

is different from the other categories, and is used to differentiate between different categories and widen the gap 
between them. And intra

iR  is the intra-class score, which measures how well the highly activated regions of the 

channels of that class match the salient regions of the class represented by the mean spatial features. When the 
intra-class score is smaller and the inter-class score is larger, the channel is more discriminatory and has to be 
given more weight. The inter

iw , intra
iw  are obtained by mapping inter

iR , intra
iR  through fully connected block mapping, 

whose mathematical expressions are shown in Eqs. (5) and (6): 

  intra intra intra
i iw b R  (5) 
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  inter inter inter
i iw b R  (6) 

Here in ter
ib  and in tra

ib  are two different fully-connected layer blocks containing modules such as fully-connected 
layers, batch normalization, activation functions, etc. SAM is used to emphasize channels with salient features 
related to the category, i.e., to give greater weight to these channels. 
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Figure 3: SAMS structure 

(2) Query Attention Module 
The output of the Query Assistant Module is a query weight used to complement the Support Attention Module, 

which assigns more weight to the object-related channels of a given query image. Since the query image has no 

real labels, QAM then utilizes the relationships between the channels within the instance to achieve the classification 

of the image. The features of the query image are first extracted, and then the similarity between the query image 

and the images in the set of support weight vectors is calculated to determine the class of the query image. The 

structure of the query attention module is shown in Fig. 4, where QF  denotes the channel average of the query 

image feature map. The intra
QR  denotes the representative channel score of the query instance. The query weight 

QW  is obtained by mapping intra
QR  through a fully connected layer block mapping, which highlights the channels in 

the query image that are relevant to it and suppresses other channels. Thus the query weight vector helps the model 

to focus on the information related to the target object. 
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Figure 4: QAM structure 

III. Empirical analysis of power smart site monitoring video 
III. A. Selection of experimental data 
III. A. 1) Data sets 
In order to enhance the dataset of helmet images to make it richer, the helmet dataset is selected from two parts: 
images intercepted from videos collected at the site of the construction project and helmet images obtained by 
internet crawlers. As a result, 34800 image files were obtained and the dataset was used to train and test the model, 
the training samples and test samples were randomly divided according to 8:2, 27840 training images and 6960 
test images were obtained. 
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III. A. 2) Data pre-processing 
The acquired helmet images are augmented by performing horizontal flip and random rotation for each training 
image to expand the number of training samples. By expanding the images, the model's dependence on certain 
features can be reduced, thus improving the model's generalization ability. Then the data were subjected to a series 
of processing such as grayscaling and binarization, followed by filtering and denoising, and the processed samples 
were uniformly resized to ultimately obtain an image scale with an image size of 640×360, which was then converted 
into one-dimensional data and inputted into the model. 
 
III. B. Video compression performance analysis 
Ten basic sequences are selected to be analyzed, and the performance metrics for the basic sequences are 
compared as shown in Table 1. The proposed video compression model significantly improves the coding efficiency 
while maintaining the compression performance, and the coding time of all the tested sequences shows a 
decreasing trend, with an average time saving rate of 25.446%. Among them, the optimization effect of sequence 7 
and sequence 4 is particularly outstanding, saving 29.148% and 27.790% of time, respectively. The compression 
quality metric PSNR shows only a slight decrease, with an average PSNR loss of 0.058 dB, which verifies the 
effectiveness of the model in the time-quality trade-off. 

Table 1: Before and after comparison of basic sequence indicators 

Serial number 
Encoding time(s) 

Save time 
Average signal-to-noise ratio 

PSNR (dB) 
Initial After optimization Initial After optimization 

1 24.635 18.486 24.960% 46.697 46.631 0.066 

2 23.524 17.907 23.878% 45.333 45.298 0.035 

3 23.083 17.789 22.935% 44.298 44.267 0.031 

4 24.077 17.386 27.790% 46.386 46.328 0.058 

5 25.112 18.483 26.398% 49.274 49.215 0.059 

6 24.383 18.486 24.185% 46.185 46.126 0.059 

7 23.957 16.974 29.148% 44.926 44.893 0.033 

8 24.046 17.486 27.281% 45.885 45.822 0.063 

9 23.882 18.494 22.561% 45.028 44.939 0.089 

10 24.168 18.047 25.327% 45.997 45.906 0.091 

 
The bit rate changes of the above 10 basic sequences are shown in Table 2, and their visualization results are 

shown in Fig. 5. It is easy to find that the bit rates of the optimized basic sequences are generally higher than those 
of the pre-optimization basic sequences, but the increase is small. The reason for the increase in bit rate is that 
after the optimization algorithm, some of the prediction modes in the intra-frame prediction mode selection are not 
the best choices, and thus the bits used for image coding increase. At the same time, the comparison shows that 
although the bit rate increases, the increase is limited, basically no more than 3%. Combined with the great 
improvement of intra-frame prediction speed, it can be considered that this bit rate increase is acceptable, which 
proves that the optimization method used in this paper has good results. 

Table 2: Bit-rate variation of the 10 basic sequences 

Serial number 
Bit rate (Kbit/s) 

Bit rate variation 
Initial After optimization 

1 474.433 490.864 16.431 

2 830.552 851.386 20.834 

3 308.636 320.477 11.841 

4 846.365 861.863 15.498 

5 639.258 651.287 12.029 

6 624.301 645.329 21.028 

7 497.325 515.176 17.851 

8 708.536 726.486 17.950 

9 839.528 852.274 12.746 

10 774.697 789.083 14.386 
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Figure 5: Bit-rate changes of video sequences before and after optimization 

III. C. Verification of target detection effect 
The improved RTF-BCNN model in this paper is compared with other target detection models in the field of deep 
learning, including the more popular single-stage model (YOLOv5), and two-stage models (e.g., Sparse R-CNNG, 
Cascade R-CNN and DINO), and the results of the comparison experiments are shown in Table 3. It can be seen 
that the RTF-BCNN model chosen in this paper has the best detection effect and achieves the highest mAP index. 
After replacing VGGNet with ResNet-50, the mAP accuracy of the improved ResBCNN model is improved by 1.384% 
compared to the baseline model BCNN, and the number of floats per second is improved by 1.035. Compared to 
the ResBCNN model without embedded TDM module, the TDM designed in this paper adds almost no extra 
overhead, and the mAP accuracy is improved by 2.446%, which fully demonstrates the effectiveness of the TDM 
module. 

Table 3: Results of comparison experiments 

Model mAP mAP_50 Floating point grams per second Number of parameters M 

BCNN 90.255% 91.235% 78.523 43.586 

YOLOv5-n 75.258% 83.128% 5.226 1.822 

YOLOv5-1 82.125% 88.684% 100.458 45.584 

Sparse R-CNNG 73.684% 82.157% 60.415 105.451 

Cascade R-CNN 79.551% 91.362% 99.428 68.328 

DINO 85.238% 92.065% 98.458 46.115 

ResBCNN 91.639% 92.179% 79.558 43.581 

RTF-BCNN 94.085% 94.263% 83.467 43.695 

 
Comparison of the P-R curves of the RTF-BCNN model and the BCNN model is shown in Fig. 6. The RTF-BCNN 

model has a larger area of the P-R curve, and the performance of the model is improved, with the helmet AP 
increasing from 91.89% to 98.26%, which is an improvement of 6.37 percentage points, which is a further intuitive 
illustration of optimization of the precision and recall of the model. 

 

Figure 6: Comparison of model P-R curves 
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A comparison of the running speed (FPS) of the RTF-BCNN model with the other models is shown in Fig. 7. The 
RTF-BCNN model demonstrates a significant advantage in FPS, with an FPS value of 67.842 frames/s, which is 
significantly higher than that of the comparison model, and is 11.483% faster than that of the suboptimal performing 
ResBCNN model. This result indicates that RTF-BCNN achieves better real-time processing capability while 
maintaining high detection accuracy, and is suitable for scenarios with stringent frame rate requirements. 

 

Figure 7: Comparison of RTF-BCNN model with other model FPS 

IV. Conclusion 
In this paper, a video compression and target detection model based on convolutional neural network is designed 
and tested on a dataset of homemade helmet images. 

Ten basic sequences are selected for analysis, and the proposed video compression model significantly improves 
the coding efficiency while maintaining the compression performance, with an average time saving of 25.446%, an 
average PSNR loss of 0.058dB, and a bit rate increase of basically no more than 3%, which proves that the 
optimization method adopted in this paper has good results. 

Comparing the improved target detection model in this paper with other target detection models in the field of 
deep learning, the mAP accuracy of the improved ResBCNN model is improved by 1.384% compared with the 
benchmark model BCNN, and the floating point per second is improved by 1.035. Compared with the ResBCNN 
model without embedded TDM module, the mAP accuracy of the RTF-BCNN model is improved by 2.446%, which 
fully proves that the optimization method adopted in this paper has good results. 2.446%, which fully proves the 
effectiveness of the improved design in this paper.The RTF-BCNN model has a larger area of the P-R curve, and 
the helmet AP increases from 91.89% to 98.26%, which is an improvement of 6.37 percentage points.Compared 
with the other models' running speeds, the FPS value of the RTF-BCNN model reaches 67.842 frames/s, which is 
significantly higher than the comparison model, and higher than that of the 11.483% faster than the next best 
performing ResBCNN model. This result indicates that the RTF-BCNN achieves greater real-time processing 
capability while maintaining high detection accuracy, and is suitable for scenarios with stringent frame rate 
requirements. 

Funding 
Science and Technology Project of Beijing Electric Power Economic Research Institute Co., Ltd.: Research and 
Application of Intelligent Video Compression Key Technology for Electric Power Smart Construction Site Scenario. 

References 
[1] Xu, M., Nie, X., Li, H., Cheng, J. C., & Mei, Z. (2022). Smart construction sites: A promising approach to improving on-site HSE management 

performance. Journal of Building Engineering, 49, 104007. 
[2] Jiang, W., Ding, L., & Zhou, C. (2021). Cyber physical system for safety management in smart construction site. Engineering, Construction 

and Architectural Management, 28(3), 788-808. 
[3] Edirisinghe, R. (2019). Digital skin of the construction site: Smart sensor technologies towards the future smart construction site. 

Engineering, Construction and Architectural Management, 26(2), 184-223. 
[4] Tian, D., Li, M., Shi, J., Shen, Y., & Han, S. (2021). On-site text classification and knowledge mining for large-scale projects construction 

by integrated intelligent approach. Advanced Engineering Informatics, 49, 101355. 



Exploration of Convolutional Neural Network Target Detection and Adaptive Video Data Compression Technology for Power Smart Site Monitoring 

4000 
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