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ABSTRACT 

Deep learning has made significant progress in the field of object detection, especially convolutional 
neural networks have performed well in image classification, object detection, and segmentation 
tasks. However, with the increasing complexity of models and the demand for computing resources, 
traditional deep learning models face challenges in the deployment of resource-constrained mobile 
and embedded devices. In order to solve this problem, model compression and acceleration 
techniques have become a research hotspot, including pruning, quantification and knowledge 
distillation. The purpose of this paper is to review various algorithms in the field of object detection 
and their advantages and disadvantages, and to discuss the best optimization scheme based on the 
application and optimization effect of lightweight technology in various algorithms. The research 
objectives include: systematically summarizing and analyzing the main lightweight technologies 
currently used for object detection algorithms, evaluating their practical effects in object detection 
tasks, proposing improvement schemes suitable for specific application scenarios, and looking 
forward to the future development direction, and discussing potential research directions and 
technological breakthroughs. 
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1. INTRODUCTION 

Object detection is of great significance in multiple application scenarios, including autonomous 

driving, intelligent surveillance, facial recognition, medical image analysis, etc. Object detection 

algorithms have made significant progress based on deep learning.  

While deep learning models excel in a variety of vision tasks, their high computational costs and 

storage requirements limit their deployment on resource-constrained devices. Therefore, model 

compression and acceleration technology has become a research hotspot. These techniques, including 

Pruning, Quantization, and Knowledge Distillation, make it possible to run efficient deep learning 

models on mobile devices and embedded systems by reducing model complexity and resource 

requirements. 

In July 2022, Li Kequan et al. detailed the origin and development of deep learning based object 

detection algorithms [1]. In addition, Ning Xin et al. introduced common lightweight optimization 

methods in a review of joint optimization methods for neural network compression published in 

January 2024 [2]. These studies provide a solid foundation for further exploration of object detection 

algorithms and lightweight technologies. 
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In this context, this paper aims to review the development status of object detection algorithms and 

their lightweight technologies, and evaluate the practical effects of lightweight technologies in object 

detection tasks. This promotes research and application in this field. For example, by studying 

lightweight technology, the computing and storage requirements of object detection algorithms on 

mobile and embedded devices can be significantly reduced. In addition, the application of lightweight 

technology can help improve the inference speed of object detection algorithms to meet the needs of 

real-time applications, such as autonomous driving and real-time video surveillance. At the same time, 

model lightweight can significantly reduce energy consumption and cost, which is of great 

significance for large-scale deployment and application. 

The research scope of this paper covers common object detection algorithms and their lightweight 

technologies. First of all, the current common and popular object detection algorithms and lightweight 

technologies will be introduced, so that readers can have a clear understanding of these basic concepts. 

Then, according to the literature and experimental data, the influence of different lightweight 

technologies on various object detection algorithms and their advantages and disadvantages are 

discussed. Finally, this paper will summarize the lightweight technologies suitable for different object 

detection algorithms, so as to help scholars who are new to the field of deep learning to understand 

and apply these technologies more effectively, so as to improve the research efficiency and model 

effect. 

Through a comprehensive review of object detection algorithms and their lightweight technologies, 

this paper hopes to provide a valuable reference for research in this field and promote the efficient 

application of deep learning technology in resource-constrained environments. 

2. SURVEY OF OBJECT DETECTION ALGORITHM AND RESEARCH ON 
LIGHTWEIGHT TECHNOLOGY 

2.1. Object Detection Algorithms 

An object detection algorithm is a technology used in computer vision that aims to identify and locate 

multiple objects in an image or video. This requires an algorithm to not only identify the kind of 

object in the image, but also determine the specific position of each object in the image, usually 

represented by a bounding box. Unlike traditional object detection algorithms, which rely on manual 

feature selection, deep learning-based object detection algorithms improve recognition performance 

through automatic feature learning. The two-stage object detection algorithm first generates region 

proposals, and then uses convolutional neural networks (CNNs) to classify these regions, includig R-

CNN [3], Mask R-CNN [5], SPPNet [6], Fast R-CNN [7], and Faster R-CNN [8]. This type of 

algorithm usually has excellent accuracy, but high computational complexity. 

With higher efficiency, the single-stage object detection algorithm directly locates and classifies 

through deep convolutional neural network (DCNN), includig the YOLO [4] series, SSD [9], DSSD 

[10], and FSSD [11].  

2.2. Lightweight Technology 

At present, the mainstream lightweight technology is divided into two ways: redesigning the neural 

network part and compressing the deep learning model. This article mainly discusses model 

compression techniques. Common model compression algorithms include pruning, quantization, and 

knowledge distillation. 

(1) Pruning: By removing redundant neurons or connections, thereby improving computational 

efficiency and reducing storage requirements. 
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(2) Quantization: Reduce model parameters and calculations to reduce the consumption of model 

volume and computing resources. 

(3) Knowledge Distillation: Training a compact "student" model to emulate the performance of a 

larger, more complex "teacher" model. 

These techniques are designed to make deep learning models more efficient and adaptable to 

resource-constrained environments without significantly degrading model performance. 

2.3. Dual-stage Object Detection Algorithm 

Deep CNNs excel in computer vision tasks, but their high compute and storage requirements limit 

their application on resource-constrained devices. Existing model compression methods, such as 

weight pruning and knowledge distillation, are effective in some cases, but face challenges when 

dealing with complex architectures such as ResNet. Ref. [12] proposes a network compression 

method combining weighted pruning and knowledge distillation, which effectively addresses this 

problem. 

In this method, the ResNet model is pruned based on activation analysis, and only operates at specific 

layers to avoid destroying the integrity of the network structure. Specifically, neurons and connections 

that contribute less to the predicted output are removed by calculating the zero activation rate (APoZ) 

of each neuron. The pruned model serves as a network of teachers, and then the knowledge is 

transferred to a smaller network of students through knowledge distillation. 

A new distillation loss function optimizes models by minimizing cosine similarity between teacher 

and student networks in deep feature and prediction layers. Applied to CIFAR-10, the method 

achieved: ResNet-110's parameters reduced from 1.74M to 0.37M with accuracy dropping from 94.27% 

to 93.0%, and ResNet-164's parameters reduced from 2.62M to 0.72M with accuracy decreasing from 

94.52% to 93.7% (Ref. [12]). 

This network compression method combining weighted pruning and knowledge distillation not only 

significantly reduces the number of model parameters, but also maintains high performance in terms 

of accuracy. 

Table 1. Compression results on Cifar10 

 

In the application of quantization and pruning strategies, Mask R-CNN, Fast R-CNN, Faster R-CNN 

and R-CNN can use the same basic strategy, but due to the different architecture and characteristics 

of each algorithm, the specific implementation details and effects may be different. 

1) R-CNN  

R-CNN uses selective search to generate candidate regions, extracts feature with CNNs, and classifies 

them with SVMs. To cut computational and storage costs, quantization and pruning can be applied 

to the convolutional and fully connected layers. 

2) Fast R-CNN 

Fast R-CNN advances R-CNN by using a single network for both candidate region generation and 

classification. It applies CNNs to the entire image to create feature maps and uses an RoI pooling 
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layer to extract fixed-size features. Quantization and pruning, especially in fully connected layers 

post-RoI pooling, effectively reduce computational needs. 

3) Faster R-CNN 

Based on Fast R-CNN, Faster R-CNN introduces the Region Proposal Network (RPN) to generate 

candidate regions and share convolutional feature maps with Fast R-CNN to achieve end-to-end 

object detection. Quantization and pruning can be applied to convolutional layers, RPNs, and 

subsequent classification regression layers to reduce computational complexity and storage 

requirements. Since RPN and Fast R-CNN share feature maps in the end-to-end architecture of Faster 

R-CNN, quantization and pruning can be applied to both parts at the same time, improving overall 

performance and efficiency. 

4) Mask R-CNN 

Mask R-CNN adds a branch on the basis of Faster R-CNN to predict the pixel-level mask of the target 

and implement instance segmentation. Quantization and pruning can be applied to the entire network, 

including the RPN, Fast R-CNN sections, and the newly added mask prediction branch. Specifically, 

the convolutional layer, RPN, classification regression layer, and mask prediction layer can be pruned. 

However, due to the addition of mask prediction branches, special attention needs to be paid to the 

pruning and quantization of this part to ensure that the accuracy of instance segmentation does not 

decrease significantly. 

5) SPPNet 

Since SPPNet mainly performs spatial pooling operations in the last layer of convolutional neural 

networks, its convolutional layer is similar to that of traditional CNNs, so similar quantization and 

pruning strategies can be employed 

2.4. Single-stage Object Detection Algorithm 

2.4.1. YOLO series 

The YOLO (You Only Look Once) series is a deep learning -based object detection with real-time 

object detection capabilities. Its main advantages include high detection speed and high detection 

accuracy, The YOLO model significantly reduces the computational overhead by predicting the class 

and location of the target simultaneously in a forward propagation. The disadvantage is that the 

robustness in complex backgrounds is poor. In addition, the YOLO series models may experience 

performance bottlenecks when processing high-resolution images. Overall, the YOLO series, with its 

balanced speed and accuracy, is the first choice for many real-time object detection tasks. 

The pruning and quantification methods of the YOLOv5 model were evaluated and summarized in 

Ref. [13], and the practical application effect of the YOLOv5 model was analyzed. 

Among them, structured pruning includes channel pruning, filter pruning, and kernel pruning, among 

others, to preserve the structural integrity of the model. Unstructured pruning removes individual 

weight parameters. (The experimental results of table2 are from Ref. [13]) 

1) Channel pruning: There are many methods to apply channel pruning on YOLOv5, and the results 

show that the model parameters and computational requirements can be significantly reduced through 

pruning. For example, pruning with the Batch Normalization Scaling Factor (BNSF) method can 

reduce parameters by more than 50% on different datasets, while resulting in only a small drop in 

accuracy. 

2) Filter pruning: Using the filter pruning method, the computational complexity can be further 

reduced by pruning the filters that contribute less to the output. 

3) Nuclear pruning: The nuclear pruning method reduces the computational burden by pruning the 

convolution kernel and maintains the overall performance of the model. 
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Table 2. Experimental results of pruning technology on YOLOv5 

 

For quantification techniques, the following three quantification methods are proposed (the 

experimental results of Table 3 are from Ref. [13]): 

1) Integer-only Quantization: This method can significantly improve the hardware acceleration 

performance by using low-precision integers instead of floating-point calculations. For example, on 

the TITAN RTX, 23 times faster computational speeds can be achieved using the INT4 data type than 

FP32. 

2) Post-Training Quantization (PTQ): Quantization is performed after training, and the model does 

not need to be retrained, but the accuracy is usually reduced. 

3) Quantization-aware training (QAT): Simulate the quantization operation during the training 

process to reduce the quantization error and improve the accuracy of the model after quantization. 

The results show that the weights and activations of the YOLOv5 model can be quantized to 4 bits or 

even lower by the QAT method, while maintaining high accuracy. 

Table 3. Experimental results of quantization technology on YOLOv5  

 

In general, channel pruning and filter pruning are the most commonly used pruning methods on the 

YOLOv5 model, which can significantly reduce the requirements of model parameters and computing 

resources while maintaining high accuracy. Compared with other quantization methods, the 

Quantized Perception Training (QAT) method can compress the model to a very low precision (such 

as 4 bits) without significantly affecting the model performance. 
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2.4.2. SSD 

Single Shot MultiBox Detector (SSD) realizes target classification and localization through single 

forward propagation. The main advantage of SSDs is their fast detection speed, their ability to 

perform well in real-time applications, and their ability to perform well when dealing with targets at 

different scales. The model enhances the detection ability of targets of various sizes by predicting 

feature maps at multiple scales. Disadvantages include lower accuracy on complex backgrounds and 

small object detection, and may require higher computing resources when processing high-resolution 

images. Overall, SSDs can provide satisfactory detection accuracy while maintaining high detection 

speeds, making them an effective choice for many real-time inspection tasks. 

In Ref. [13], a Field Programmable Gate Array (FPGA) SSD-MobileNet-v1 acceleration method. 

Specifically, FPGM pruning selects the filters that need to be pruned based on the Geometric Median, 

calculates the geometric median for the filters in each layer, and removes the filter furthest from the 

geometric median. This ensures that important traits are retained during the pruning process and 

performance losses are reduced. In addition, sensitivity analysis is required in order to ensure the 

effectiveness of pruning during pruning. Sensitivity analysis is used to determine the pruning rate for 

each layer to find the most suitable pruning strategy. With this approach, it is possible to avoid over-

pruning of certain critical layers, which can affect the performance of the model. The paper also 

proposes a regularization-based pruning strategy to ensure that the pruning model can better adapt to 

the FPGA platform by adjusting the pruning rate of each layer.  

For the quantitative method, the QAT (Quantization Aware Training) method was adopted. Unlike 

post-training quantization (PTQ), QAT introduces quantization operations during the training process. 

This allows quantization errors to be simulated during training and corrected by backpropagation, 

reducing the impact of quantization on model accuracy. This method realizes the full quantization of 

the entire network model, and converts the weights and activation functions of all layers into low-

precision representations. With this approach, the model size and computational requirements can be 

significantly reduced. On the basis of the QAT method, an improved QAT method was proposed in 

Ref. [13] to further reduce the impact of quantization on the accuracy of the model by adjusting the 

quantization range and step size.  

Experimental results show the accuracy is reduced by less than 6% with about 10 times of efficiency 

improved and the compressed model performs well in the actual test. 

3. CONCLUSIONS AND PROSPECTS 

When performing quantitative pruning operations on the model, only at specific layers. In addition, 

the accuracy of model detection can be improved by introducing new loss functions and optimizing 

the structure of neural networks, and then quantitative pruning operations can be superimposed on 

this basis to reduce the number of model parameters and computing resource requirements on the 

basis of keeping the detection accuracy unchanged. 

When the single-stage object detection algorithm is optimized for lightweight, it is necessary to use 

filters and other methods to retain important features and reduce the performance loss caused by the 

quantization pruning operation of the model. Specifically, the YOLO model is more suitable for 

channel pruning and filter pruning methods and quantization-aware training (QAT) methods. In the 

SSD model, the pruning rate of each layer can be determined through sensitivity analysis, so as to 

find the most suitable pruning strategy. and simulating the quantization error during the training 

process and correcting it through backpropagation, so as to reduce the impact of quantization on the 

accuracy of the model. 

At present, the mainstream model compression technology is quantization and pruning in parallel. In 

addition, some algorithm models will use model compression techniques such as knowledge 
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distillation. In the future, it is hoped that the optimization strategies of object detection algorithms at 

different stages can be studied in depth and more abundant lightweight technologies can be covered. 
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