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Abstract: Currently, visual computer applications based on convolutional neural networks are rapidly
developing. However, several problems remain: (1) high-quality graphics processing equipment is
needed, and (2) the trained network model has several unnecessary convolution operations. These
problems result in a single-stage target detection network that often requires unnecessary computing
power and is difficult to apply to equipment with insufficient computing resources. To solve these
problems, based on YOLOV5, a YOLOvV5-L (YOLOV5 Lightweight) network structure is proposed.
This network is improved using YOLOVS5. First, to enhance the inference speed of the detector
on the CPU, the PP-LCNet (PaddlePaddle-Lightweight CPU Net) is employed as the backbone
network. Second, the focus module is removed, and the end convolution module in the head
network is replaced by a deep separable convolution module, which eliminates redundant operations
and reduces the amount of computation. The experimental results show that YOLOv5-L enables
a 48% reduction in model parameters and computation compared to YOLOV5, a 35% increase in
operation speed, and a less than 2% reduction in accuracy, which is significant in the environment of
low-performance computing equipment.

Keywords: lightweight; YOLOv5; PP-LCNet; object detection; attention mechanism

1. Introduction

With the rapid advancement of technology, visual sensors have become ubiquitous
in all aspects of human life, enabling the detection of pedestrians, animals, and objects.
Target detection tasks typically involve classifying and recognizing objects using markers
and utilizing bounding boxes for localization. Currently, an increasing number of target
detection applications, such as face recognition, vehicle detection, and smart home systems,
are being applied to resource-constrained edge devices. As object recognition continues
to evolve, visual sensors are generating vast amounts of data, and the most effective
solution to this challenge is deep learning. Before the introduction of the AlexNet [1]
model in 2012, traditional image processing techniques were commonly used for object
detection. In industrial production, there are usually tasks such as defect detection and
object detection. The utilization of robots instead of manual labor not only reduces labor
costs, but also enhances production efficiency, thus fostering industrial advancement.
Similarly, agriculture and the military are pivotal domains in object detection. For instance,
drones equipped with visual devices can perform tasks such as crop detection and gathering
advanced weather information. The same applies to military applications as well. These
examples highlight the immense potential of object detection applications. However, owing
to the constraints imposed by specific tasks and the high costs associated with the related
equipment, the full implementation of these products remains challenging. Consequently,
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developing a deep-learning network model that can perform real-time detection on limited
devices is of great significance.

Currently, two methods are available for deploying object-detection models on re-
stricted devices. The first involves compressing models or data through specific opera-
tions [2], resulting in lightweight models. The second approach involves the distribution
of the model across multiple devices for distributed computing [3]. Ref. [4] discussed
methods that can handle deep learning in distributed environments, such as federated
learning and transfer learning. The transfer learning method based on the VisDrone dataset
not only solves the problem of limited data, but also outperforms various well-known
object detection methods in terms of results. The primary research challenge for the for-
mer method lies in striking the correct balance between model accuracy and detection
speed, whereas the latter method raises concerns regarding privacy, data security, and
additional costs associated with debugging multiple devices. Considering the advantages
and disadvantages of these two approaches, a lightweight model is used.

The two-stage detector [5] first becomes a candidate detection region, and then identi-
fies the region with a relatively high probability based on the region category as the final
target detection region. The one-stage detector [6] skips the first step and directly prompts
the possibility of the target category and the pixel coordinates of the image where the target
is located. Common representative methods of two-stage detection include the R-CNN [7],
Fast R-CNN [8], and Faster R-CNN [9], whereas representative methods of one-stage
detection include the You Only Look Once (YOLO) and Single Shot Multibox Detector
(SSD) [10] series. The YOLO [11] algorithm was first proposed by Joseph Redmon in 2016
and was repeatedly updated by the author, introducing feature pyramid networks (FPN)
and a better basic classification network, Darkenet-53. The classifier also changes from a
normalized exponential function (softmax) to a binary cross-entropy loss [12]. YOLOv3
was proposed in 2018 [13]. Later, Bochkovskiy proposed YOLOv4 in 2020 [14], whereas
in the same year, Ultratics proposed YOLOvV5, which is only 27 MB. Compared with the
244 MB size of YOLOV4, the size of YOLOvV5 was reduced by approximately nine times.
With the progress made in backbone network architecture, many researchers have begun to
integrate these networks into their target detection models.

One-stage detection methods are typically faster than two-stage detection methods [15].
Current one-stage detection methods typically construct lightweight models by reducing
their depth and width. However, although the detection speed can be improved using this
scheme, a relatively large drop in detection accuracy is almost unacceptable. Therefore,
researchers are constantly exploring and designing simplified structures and lightweight
modules to improve detection speed while maintaining as much accuracy as possible.

The current study first combines the lightweight network model PP-LCNet [16] with
YOLOVS, optimizes and prunes many redundant calculations in the original network,
and constructs a lightweight backbone network. Combined with the ShuffleNetv2 [17]
network structure strategy, the backbone network was further improved, and PP-LCNet
was reconstructed by stacking deep-separable modules with an even number of convolution
cores of different sizes. A convolutional block attention module (CBAM) was applied to the
neck network, and ablation experiments were performed on the neck network to verify the
effect of PP-LCNet, replacing a larger convolution at the end of the network for accuracy and
speed. This satisfies the demands for real-time target detection in low-performance devices.

The main contributions of this study are as follows: (1) A new lightweight model was
proposed for target detection, which is helpful for achieving real-time target detection on
low-performance devices. (2) The backbone and neck networks were carefully designed to
balance the accuracy loss caused by an increase in the network speed. (3) The characteristics
of current mainstream lightweight networks were summarized, such as equal channel
widths (equal channels for input and output feature matrices), avoiding large numbers of
group convolutions and network branches, and integrating them into network models.

The remainder of this article is organized as follows: Section 2 introduces relevant
work on lightweight models. Section 3 introduces the basic architecture of the YOLOv5
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network model and the improvements made to it. Section 4 presents the experimental
results and a discussion of the experimental results. Finally, Section 5 gives the conclusion
of this paper.

2. Related Work

In this section, we briefly introduce the recent methodologies related to lightweight
object detection models, including model compression, depth separation/model scaling,
and hybrid approaches.

2.1. Model Compression

Compression, quantization, pruning, and knowledge distillation are several commonly
used methods for compressing models. Model compression focuses on designing models
more efficiently with minimal performance loss, with the aim of reducing the computa-
tional redundancy caused by large models. For instance, the compressed histogram method
proposed in [18] enhances the image quality without increasing the computational burden,
yielding good results. In [19], a PG-YOLO single-stage network was introduced, utilizing
multimodal blocks (PM) to learn object features at multiple scales and shapes. Furthermore,
a group-attention module (GAM) was devised to better utilize the diverse connectivity
features in the network, resulting in model compression and parameter reduction. Pruning
is a straightforward technique for model compression that involves the removal of weights,
neurons, and other components from an original large training network. Quantization,
on the other hand, is a low-level but effective method for model compression. Numerous
researchers have dedicated their efforts to these techniques, seeking to achieve compact
models without sacrificing performance [20]. He et al. [21] proposed an iterative, two-step
algorithm that efficiently pruned each layer of the network structure. This approach ef-
fectively reduces cumulative errors and can be extended to other widely used backbone
networks, such as ResNet and VGGNet. Liu et al. [22] proposed an extremely lightweight
network. SAMNet Quantization is another method for reducing model size. Quantification
typically reduces model size by storing the model in different formats during training or
model deployment. The former is referred to as quantization-aware training, whereas the
latter is known as post-training quantization. Knowledge distillation is a commonly em-
ployed technique to achieve lightweight models. This involves learning the representation
of a large teacher model from a smaller student model, effectively transferring knowledge,
and reducing its complexity.

2.2. Depth Separation/Model Scaling

MobileNet [23], ShuffleNet [24], and others have used deep separable convolution to
reduce the amount of computation and design efficient feature extraction modules. These
separable convolutional structures can not only achieve spatial separation but also deep
separation; that is, they can use spatial separation to replace a large convolutional kernel
with several small convolutional kernels. The advantage of doing so is that it can reduce
computational complexity, generate fewer parameters, and enable the network to process
data more efficiently. Currently, many researchers are committed to building a network
of depth separable convolutional modules stacked to create high-quality, lightweight
architectures. FeatherCNN [25] proposed a joint layer-by-layer optimization structure that
utilizes layer fusion to remove redundant computing, which, to some extent, solves the
upper limit problem of mobile device performance. MiniNet [26] proposed an extremely
lightweight deep learning-based model consisting of DepthNet and PoseNet. DepthNet
is responsible for inputting a single still image. Lite Depthwise Net [27] proposed a new
network architecture for hyperspectral classification based on three-dimensional deep
convolution, using deep convolution and point-by-point convolution, which can achieve
high classification performance with minimal parameters.
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2.3. Hybrid Approaches

Currently, the most successfully designed lightweight models employ various hybrid
methods. Different module designs, such as ghost modules, are used to change the original
BN. The existing successful cases are not limited to a single model but attempt to combine
the advantages of multiple strategies. Some researchers have followed the current trends
and modified them by combining YOLO, SSD, and other architectures to create specific
models suitable for new applications. The authors of [28] proposed a lightweight directional
object detector for RSOD tasks. The backbone uses MobileNetv2, which employs a channel
separation aggregation module that can simplify stacking and separable convolution com-
plexity and a dynamic receptive field module that can improve the performance of feature
extraction by dynamically customizing the convolution core and its perception range. The
authors of [29] proposed a pedestrian detection method based on data augmentation that
combines a lightweight CNN (LCNN)-based pedestrian recognition model with YOLOv3
to enlarge the image size of pedestrians smaller than the specified value. This end-to-end
framework improves detection stability and accuracy. In [30], a lightweight model based on
a YOLOvV3 tiny network was proposed, which incorporates spatial pyramid pooling into the
network. The network consists of pooling layers with different proportions, which are used
to connect features to enhance network learning ability. The authors of [31] introduced
MobileNetv3 into the backbone network, and a simple and fast cross-scale connection
feature pyramid network was proposed, which not only improved the model’s detection
speed, but also improved the model’s ability to detect small targets. In [32], MobileNetv2
was combined with YOLOv3, and a Gaussian model was introduced to improve detection
performance. The authors of [33] proposed a multi-objective NAS framework for edge
devices that improves scalability and practicality using an improved MobileNetv2 search
space. In [34], a single-stage detection neural network was used, and Tiny YOLO and
MobileNetv2-SSD were proposed by simplifying the backbone network structure.

2.4. Other Detection Works

As we all know, with the development of technology, more and more sensors are
being applied to target detection tasks in various scenarios in daily life, such as LiDAR
and global positioning systems [35]. Our lightweight network model has great potential
for application. The authors of [36] proposed a data acquisition and analysis platform
for vehicle trajectory extraction, reconstruction, and evaluation of auto drive systems
(ADS) based on the collaborative perception of the Internet of Vehicles and using the
LiDAR information target detection algorithm based on deep learning. The authors of [37]
used RBG cameras to apply YOLOV4 to the target detection task of tram autonomous
driving [38]. By using radar and cameras for data fusion, robust continuous multi-target
tracking can be achieved, which can be applied to design safer and more efficient intelligent
driving systems.

Coincidentally, there are many other detection techniques that need to be applied to
lightweight network models. In [39], by using ordinary detectors to treat infrared images
as grayscale visible light images to provide primary detection results and then converting
infrared images into corresponding temperature maps for detection, pedestrian detection
is carried out through this two-stage combination. The authors of [40] used cascaded
classifiers for vehicle detection tasks and used them on embedded platforms.

In this study, we established a lightweight object-detection network that can quickly
detect performance-limited devices. In addition, we combined it with the improved object
detection algorithm YOLOvVS5, which has a significantly improved detection speed with
minimal loss of detection accuracy.

3. Materials and Methods

In this section, we first describe the network architecture of YOLOv5. We then in-
troduce our improved network architecture based on the two parts of the backbone and
neck networks.
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3.1. YOLOv5

The backbone network of YOLOVS5 [41] is primarily composed of a focus module, a
cross-stage partial network (CSPNet) module, and a spatial pyramid pooling (SPP) module.
The backbone network uses several residual modules, whereas the neck uses common
convolution modules. Similar to YOLOV4, it uses a feature pyramid structure and a pixel
aggregation network (PAN). The head network is primarily used for the final detection
by applying an anchor frame to the feature map and generating the final output vector
with category probability, confidence, and other information. The loss function includes
classification, localization, and confidence loss. To satisfy the detection speed requirements
of this study, YOLOv5s with the minimum depth and width of the model was selected as
the reference network, and the network was modified and verified using v5.0.

The input end of YOLOVS is the same as that of YOLOv4. CutMix adopts the mosaic
data enhancement method and re-splices four pictures by random scaling, cutting, and
arranging, thereby reducing the pressure on the computing equipment and enriching the
dataset. The input terminal of YOLOV5 includes an adaptive anchor-frame calculation and
image-scaling strategy based on a k-means clustering algorithm [42].

The focus structure shown in Figure 1 was proposed for the backbone network. The
slicing operation of this structure, which is essentially a downsampling operation, is a key
part. YOLOVS replaces the original BottleneckCSP module with the C3 module in v5.0.
BottleneckCSP is divided into two forms, residual and non-residual, which are applied to
the backbone and neck networks, respectively. The main difference between the C3 module
and the BottleneckCSP module is that convolution is missing.

Figure 1. Focus slice operation.

The neck network uses an FPN + PAN structure. FPN transmits information from
high dimension to low dimension, making the big target more accurate. PAN transmits
information from low to high dimensions, making small targets more accurate.

The prediction part uses the binary cross-entropy loss function to calculate the category
probability and target confidence score loss and the generalized intersection and union
ratio loss (GloU loss) to calculate the target box regression loss.

3.2. YOLOv5-L

In this study, the YOLOv5 model was lightweight and improved by the backbone and
neck networks. In the backbone network part, PP-LCNet is used to replace the original
backbone network, and the network structure of PP-LCNet itself is reconstructed using
the stacking strategy of ShuffleNetv2’s even-times depth convolution module plus a point-
by-point convolution module, that is, a depth-separable module. In the neck network,
CBAM [43] is added to the convolution module at the front end so that the network model
can better obtain image features. The end convolution module was replaced by a depth-
separable convolution module in which a 5 x 5 convolution kernel replaced the original
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3 x 3 convolution kernel and added squeeze and excitation (SE) modules. The overall
structure of YOLOvV5-L is shown in Figure 2.
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Figure 2. YOLOvV5-L network structure. (a) Backbone network upgrade: Replace YOLOV5's original
backbone network with a lightweight network, PP-LCNet. (b) Backbone network optimization:
Reconstruct PP-LCNet using the stacking strategy of 2, 4, 8, and 2 even-fold modules used in
ShuffleNetv2. (c) Improvement of neck end network: Introduce CBAM attention mechanism; use
PP-LCNet end depth detachable module.

3.2.1. Improvements in Backbone Networks

This study is dedicated to improving the reasoning speed of a target detection network
on the CPU side. The original YOLOVS5 target detection model was improved, and PP-
LCNet was combined to improve the reasoning speed. The main improvements to the
backbone network include: (1) Using the PP-LCNet to replace the original backbone
network of YOLOV5, which makes the entire network lightweight. (2) Inspired by the
stacking strategy of 2, 4, 8, and 2 even-time modules used by ShuffleNetv2, the PP-LCNet
module was reconstructed to improve detection accuracy.

PP-LCNet is a lightweight CPU model based on MKLDNN acceleration. In image
classification tasks, PP-LCNet is significantly better than ShuffleNetv2 and MobileNetv3
in terms of reasoning delay-precision balance. This network model uses the DepSepConv
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module in MobileNetv1 as the basic module, without feature fusion (concat and add)
operations. The basic PP-LCNet network is constructed by stacking the DepSepConv
module and adding a squeeze excitation module. The structure of the PP-LCNet is shown
in Figure 3.

Input
Output l
Conv/h-swish x1
16x112x112
//
64%x56%56 //
/
- DepsepCons ) (2 —
\\ /
128x28x28 \ /
v \ FC(relu)
DepthSepConv (5%5) x2 " \ l
\
256x14x14 l \| FC(h-sigmoid)

DepthSepConv (5x5) x7
512x7%7 l
GAP+FC/h-swish

Figure 3. PP-LCNet network structure.

Simultaneously, the H-swish activation function was adopted. The activation function
runs on the artificial neural network. It is used to map the input of the neurons to the
output. An effective activation function is important for learning and understanding the
complex nonlinear functions of a network model. When an activation function is used,
the neuron introduces nonlinear factors, such that the network can arbitrarily approach
any nonlinear function. Therefore, the proposed network model can be applied to other
nonlinear models. EfficientNet [44] was proposed to introduce the swish function into the
network, and it achieved better results. This function possesses attributes such as being
unbounded, having a smooth and non-monotonic nature, and outperforming ReLU in deep
models. To address this issue, the sigmoid function calculation involves an exponential
operation and high computational complexity; MobileNetv3 changes the swish function
and proposes an H-swish function. ReLU6 was selected as the approximate function for
two reasons: (1) Almost all software and hardware frameworks support ReLU6. (2) The
possible precision loss caused by the approximate sigmoid function is eliminated. Therefore,
the activation function was introduced into YOLOv5-L, which significantly improved the
network performance, while the inference time was almost unchanged. The expressions
for the H-swish and sigmoid activation functions are shown in Equations (1) and (2),
respectively. The H-swish and sigmoid approximation functions ReLU6 used in YOLOv5-L
are expressed in Equations (3) and (4), respectively.

f(x) = x - sigmoid(Bx) (1)
sigmoid(x) = H% ()
H — swish(x) = xw 3)

ReLU6(x) = min(max(0, x),6) 4)
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ShuffleNetv2 studies two indicators of computing complexity, FLOPs and running
speed, commonly used in the performance evaluation standards of small networks in terms
of lightweight and summarizes several efficient improvement strategies: (1) An equal
channel width can reduce storage access costs. (2) A large number of packet convolutions
increases storage access. (3) Too many network branches reduce parallelization speed.
(4) Element-level operations that cannot be ignored. Based on the above ideas, ShuffleNetv2
constructs a network structure in the form of 2, 4, 8, and 4 evenly stacked convolution
modules. Therefore, the deep separable convolution module of the PP-LCNet stack was
reconstructed based on this stacking module. The final network structure adds only three
layers, resulting in a lower cost of parameters and computation. The reconstructed PP-
LCNet network structure is shown in Figure 4.

Input
Output l
Conv/h-swish x1

16x112x112

64x56x56

128%x28%28
DepthSepConv (5x5) 8
256x14x14 l /
DepthSepConv (5x5) <><2 /_
512x7x7 l \\ /
GAP+FC/h-swish . . IR

\ !

\\ FC(h-sigmoid)
Figure 4. Improving the PP-LCNet network structure.

3.2.2. Improvements in Neck Networks

The improvement in the neck network mainly includes the following: (1) Adding the
CBAM to improve detection accuracy. (2) The neck network end was replaced with a deep
separable convolution network, and a larger convolution core was used to improve the
network detection speed and reduce the network complexity.

The CBAM is a simple and effective attention module that belongs to feedforward
convolutional neural networks and is divided into spatial and channel attention modules.
It can be seen from Figure 5 that the channel attention module (CAM) is in front, and the
spatial attention module (SAM) is behind.

CAM

i

esssssmmm——]> (< ) EEeeessssss—— (< ) —)

Output

Input

SAM

Figure 5. CBAM attention mechanism.
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After inputting the feature map, the CAM module is applied first. It performs global
average pooling (GAP) and global maximum pooling (GMP) [45] based on the width and
height of the feature map. The attention weights are then normalized using the sigmoid
function. Finally, the original input channels are weighted channel by channel through
multiplication with the normalized attention weights.

After extracting the channel features, GMP and GAP are applied based on the width
and height of the input image, resulting in a dimensional change from H x Wto1 x 1,
followed by 7 x 7. In the spatial attention module, GAP and GMP were used to obtain
the spatial attention features. Two convolutions establish correlations between the spatial
features while maintaining the input and output dimensions. A convolution operation
with a 7 x 7 kernel reduces the number of parameters and computations, facilitating the
establishment of high-dimensional spatial feature correlations. After applying CBAM,
the new feature map incorporates both channel and spatial dimension information. This
significantly improves the connectivity of each feature in terms of channel and space,
making it more effective for extracting the target features [46].

The PP-LCNet was verified using ablation experiments. By using a larger convolution
core at the end of the network model, the network detection speed can be improved, and the
network computing complexity can be reduced. Therefore, considering the large amount
of computation and slow reasoning speed of the traditional convolution module, the end
convolution module at the neck of the original YOLOvVS5 network structure was changed
into a deep separable convolution module, and the SE module was added to it to reduce
the amount of computation and increase the reasoning speed. Finally, the results were
verified through an ablation experiment.

4. Results and Discussion

In this section, we experiment with the collected header dataset and the compressed
MS COCO dataset (Minico Dateset), and compare the proposed model with other methods.
We designed an ablation study to investigate the performance of the improved module.

4.1. Experimental Environment and Parameter Setting

The machine operating system for model training was Windows10, the CPU was
i5-7300HQ @ 2.50 GHz, the memory size was 16 GB, the GPU model was NVIDIA GeForce
GTX 1050 Ti, the memory size of the graphics card was 4 GB, and the in-depth learning
framework were Python 1.7.1, cudall.7, and cuDNNS8.0. The machine operating system
used in the reasoning experiment was Windows10, the CPU was i7-8650U @ 1.90 GHz,
16 GB of memory, and there was no GPU device.

The image input size in this experiment is 640 x 640 pixels, and the batch size is
affected by the GPU device. If the setting is too small, the gradient may change, making
it difficult for the network to converge. Through multiple training, we selected the batch
size as 16 with the highest GPU utilization rate and set the number of epochs to 100. The
selection of an appropriate anchor box accelerates the regression of the bounding box. There
is an adaptive anchor box selection function in YOLOv5. According to the provisions of
YOLOVS, if the best possible recall (BPR) is greater than or equal to 0.98, the default anchor
box size of YOLOVS5 is used. Otherwise, the k-means and genetic learning algorithms were
used to recalculate the anchor box conforming to this dataset. Because the BPR in this
experiment was one, the YOLOv5 default anchor box was selected.

4.2. Data Set

To verify the universality of our proposed method, two datasets were used in the ex-
periment. One of them was extracted from 4360 portrait images and classroom surveillance
images collected online, which were only classified as heads. The label annotation tool is
used for label annotation. Another dataset is a larger and more complex COCO dataset,
while considering the issue of insufficient device performance. Compressing the COCO
dataset and extracting a portion of the data (extracting 1 W images using random sampling)



Electronics 2023, 12, 3542

10 of 15

to create the Minico dataset. The partition ratio of the training set, validation set, and test
set for both datasets is 8:1:1.

The evaluation indicators use Precision (P), Recall (R), Average Precision (AP), and the
average Average Precision (mAP) of all categories of AP values as evaluation indicators,
where mAP is divided into mAP@0.5 and indicates the mAP when the IoU threshold is set
to 0.5, and mAP@0.5:0.95 represents mAP under different IoU thresholds (0.5 to 0.95, in
steps of 0.05), which were also selected as evaluation indicators in this experiment. The
calculation formula for each indicator is

Tp
P = %X 100% 5
Tp+ Fp ®)
Tp
R =—"— x100% 6
Tp+ Fn ©)
AP = Lm P (7)
n
", AP
AP = ==
m L ®

where true positive (Tp) represents cases where both the sample and the prediction are true;
false positive (Fp) represents cases where the sample is false, but the prediction is true; true
negative (Ty) represents cases where both the sample and the prediction are false; and false
negative (Fy) represents cases where the sample is true, but the prediction is false.

4.3. Evaluation Criterion

This part of the study used the ablation experimental method to verify the performance
improvement and change in the improved model compared with the original YOLOvV5
model. For the CPU device, only 10% of the dataset was tested. The parameter (Params),
Giga Floating-point Operations Per Second (GFLOPS), mAP@0.5, mAP@0.5:0.95, calculate
time, and other evaluation indicators were used to analyze the training and test results.

First, test the performance of YOLOvV5’s model, then replace the backbone network
of YOLOvV5 with the PP-LCNet network structure for testing, then test the deep separable
convolution module in the PP-LCNet network in the backbone network according to
the ShuffleNetv2 network structure strategy for 2, 4, 8, and 2 even-time stacking, and
finally, add the first two layers in the neck network to the CBAM attention mechanism.
The convolution module of the last two layers is changed to PP-LCNet’s deep separable
convolution module, and the SE module is used in it. The final performance results are
listed in Tables 1 and 2. YOLOV5 represents the original YOLOvV5's network model; PP-
LCNet represents the network model for replacing the YOLOv5 backbone network with
PP-LCNet; LC-Shuffle represents the network model for improving PP-LCNet according to
the module stacking strategy of ShuffleNetv2; and YOLOV5-L represents the final network
model for improving the neck network based on LC-Shuffle. The up arrow indicates an
improvement compared to the previous improvement, while the down arrow indicates a
decrease compared to the previous improvement (The arrows in Tables 3 and 4 have the
same meanings).

Table 1. Performance comparison of different models (Head dateset).

Model mAP@0.5 mAP@0.5:0.95 Param(M) GFLPs Calculate Time (ms)
YOLOvb5s 0.943 0.481 7.06 16.5 347
PP-LCNet 0.917] 0.4251 4131 8.51 2421
LC-Shulffle 0.9251 0.4401 4.31) 9.3] 2804

YOLOV5-L (Ours)

0.9261 0.4461 3.701 8.61 2161
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Table 2. Performance comparison of different models (Minicoco dateset).
Model mAP@0.5 mAP®@0.5:0.95 Param(M) GFLPs Calculate Time (ms)
YOLOvV5s 0.449 0.281 7.23 17 355
PP-LCNet 0.198] 0.1621 4331 9.11 2461
LC-Shuffle 0.4127 0.2521 452] 10.04 273]
YOLOV5-L (Ours) 0.4237 0.2561 3.931 9.21 2111

According to the data analysis presented in Table 1, after replacing the YOLOv5
backbone network with PP-LCNet, the number of model parameters decreased by approxi-
mately 41%, the number of calculations decreased by 48%, the reasoning speed increased
by 30%, and the accuracy decreased by approximately 3%. After replacing the backbone
network with the reconstructed PP-LCNet, the accuracy increased by 1.6%, the number of
model parameters increased by 12%, the number of calculations increased by 6%, and the
reasoning speed decreased by 11%. After adding the neck network improvement strategy,
compared with the original PP-LCNet, the number of model parameters was reduced by
10%, the number of calculations was increased by only 1%, and mAP@0.5:0.95 improved
by 2.1%. Compared with the YOLOv5 network model, it is only reduced by 1.7%, but
the speed is increased by 35%, and the number of model parameters and calculations is
reduced by nearly 50%.

In Table 2, due to the increase in data categories and the decrease in the amount of data
for each category, the overall accuracy has decreased significantly. However, the number of
parameters and calculations has still been greatly reduced, and the inference speed has also
been greatly improved, with only a decrease of about 2.5% in accuracy.

Based on the above results, the lightweight improvement made in this study can
greatly improve the reasoning speed of low-performance equipment while ensuring as
much accuracy as possible. And it has a certain degree of universality.

4.4. Comparative Experiment

To better verify the effect of the improved YOLOv5-L network model, mainstream
lightweight network models such as MobileNetv3 and ShuffleNetv2 were compared in
this module. In the same experimental machine environment, an identical dataset was
employed for training and testing to compare the performance of the network model. The
evaluation index was the same as that used in the ablation experiments. According to the
analysis in Table 3, the parameters of the improved network model proposed in this paper
are 4% more than MobileNetv3 and 140% more than ShuffleNetv2. The GFLOPs of the
improved network model proposed in this paper are 36% more than MobileNetv3, 132%
more than ShuffleNetv2, but the accuracy is improved by about 5%, and the reasoning
speed is faster than MobileNetv3 and ShuffleNetv2.

Table 3. Performance comparison of lightweight network model (Head dateset).

Model mAP@0.5 mAP@0.5:0.95 Param(M) GFLPs Calculate Time (ms)
MobileNetv3 0.879 0.388 3.54 6.3 232
ShuffleNetv2 0.876 0.387 1.54 3.7 221

YOLOV5-L (Ours) 0.9261 0.4467 3.701 8.6T 2161

According to the analysis in Table 4, the parameters of the improved network model
proposed in this paper are 5% more than MobileNetv3 and 138% more than ShuffleNetv2.
The GFLOPs of the improved network model proposed in this paper are 31.4% more than
MobileNetv3, 130% more than ShuffleNetv2, but the accuracy is improved by about 18%
and 20%, and the reasoning speed is faster than MobileNetv3 and ShuffleNetv2.
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Table 4. Performance comparison of lightweight network model (Minicoco dateset).

Model mAP@0.5 mAP@0.5:0.95 Param(M) GFLPs Calculate Time (ms)
MobileNetv3 0.242 0.127 3.75 7.0 215
ShuffleNetv2 0.225 0.116 1.65 4.0 212

YOLOV5-L (Ours) 0.42371 0.25671 3.93 9.2 2111
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Compared with MobileNetv3 and ShuffleNetv2, the YOLOv5-L model’s parameter
quantity and calculation quantity are improved, but most of the low-performance devices
do not meet the requirements of the model’s parameter quantity and calculation quantity
The reasoning speed of the model is faster than these two network models, and the accuracy
is increased. Further, the accuracy of multi-classification has been greatly improved. As a
result, the YOLOvV5-L network model proposed in this study exhibited a remarkably high
cost—performance ratio.

In Figure 6, we present the training process of the improved network on the Minicoco
dataset. In Figure 7, we also provide some visual examples of detection outputs from
additional algorithms on the MS COCO test dataset. The detection results from YOLOv5-L,
Mobilenetv3, and Shufflenetv2 are displayed in the first to third columns, respectively. In
the detection comparison of the first line of pictures, Mobilenet and Shufflenet networks
have some missed detections, such as couch and book categories. In the second line of
detection comparison, the Mobilenet and Shufflenet networks missed a certain number of
cars and identified the bus category as a train. In the third line of detection comparison,
Mobilenet and Shufflenet networks mistakenly detected decorations similar to watches as
clocks. In the fourth line of detection comparison, YOLOv5-L mistakenly detected the truck
as a bus, while Mobilent detected the truck but missed the inspection of the handbag and
car, and the Shufflenet network missed the inspection of the handbag and truck. According
to the results, our method can capture contextual information more accurately and detect it
more comprehensively.

Objectness Classification Precision Recall
—e— results 0.0400 0.650
0.076 0.48
0.0375 0625
0.46
0.074 0.0350 0.600
0.44
0.0325 0.575
.07 0.42
0.072 0.0300 0.550
0525 0.40
0.070 0.0275
0.0250 0.500 0.38
0.068 0.0225 0.475 0.36
0 50 100 0 50 100 0 50 100 0 50 100
val Objectness val Classification mAP@0.5 mAP@0.5:0.95
0.028 0.525
0.32
0.055 0.500
0.026 0.30
0.475
0.054 0.28
0.024 0.450
0.053 0.26
0.022 0.425
: 0.24
0.052 0.400
0.051 0.020 0375 0-22
0.20
0.050 0.018 0.350
0 50 100 0 50 100 0 50 100 0 50 100

Figure 6. Training process of the YOLO-L network model on the Minicoco dataset.
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]

1]

clock 0.91

(a) (b) (©)

Figure 7. Some visual comparisons were conducted on the MS COCO test dataset. (a) Improved
YOLO-L network. (b) Detection results of the Mobilenetv3 network model in Table 4. (c) Representa-
tive Shufflenetv2 network model detection results in Table 4.

5. Conclusions

According to the concept of a lightweight network model structure, referring to the
network model structure of PP-LCNet, in this study, the technique was integrated into
the backbone of YOLOVS, thereby reducing the model size, parameters, and computation.
Inspired by the network model structure of ShuffleNetv2, the stacking method of depth and
point convolutions, which is mainly used in PP-LCNet, was improved, and the accuracy of
the model was enhanced. Finally, CBAM was added to the neck network, and according to
the conclusion drawn in PP-LCNet, the end convolution module in the neck network was
replaced by the end depth-separable convolution module with the SE module in PP-LCNet,
which ultimately enhanced the model’s accuracy and significantly improved detection
speed on low-performance devices. In future work, we will consider transplanting it to
specific engineering equipment and use different datasets for training to obtain different
lightweight detection models and apply them to different target detection tasks.
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