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Abstract 
The increasing amount of household has seriously polluted the ecological environment 
and affected people's health. However, among the traditional garbage collection method, 
it is major manual classification and recycling, which requires a lot of manpower and 
industrial resources. This paper based on YOLOv5 combined with improved 
MobileNetv3 and CBAM (Convolutional Block Attention Module) channel attention 
mechanism, this paper proposing a more lightweight model, primarily used in real-time 
garbage classification and detection. The result shows that the detection accuracy of the 
model is 93.5%, the model size is 12.9M, and the detection speed is 200FPS, Compared 
with the optimal detection algorithms commonly used on the network, the accuracy is 
improved by 1.9%, the model size is reduced by 14%, and the speed is increased by 42%. 
The proposed model improves the accuracy and speed of the algorithm in the detection 
of common garbage classification. 
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1. Introduction 

Over the years, with the development of global technology and population growth, the amount of 
various wastes has increased exponentially, such as household waste industrial waste and so on. 
However, most of the garbage is not treated in a timely and effective manner. which is an important 
cause of global environmental degradation. The classification and recycling of garbage has became a 
serious environmental problem, so how to achieve rapid garbage classification and recycling is of 
great research significance. Now some companies have developed Robot recycling based on 
computer vision, such as Finland's Zen Robotics, Japan's FANUC, the American Max-AI, AMP, 
Google X daily robot and BHS intelligent sorting robot, these robots are based on computer vision 
and robotic arm to achieve automatic garbage picking, but in computer vision tasks, How to quickly 
and accurately determine the sort and location of garbage is an critical task in the development of 
garbage recycling robot. 

With deep learning improving, people try to use deep learning to detect, sort, and image segmentation. 
At present, the garbage classification algorithm which based on deep learning can be divided into 
one-stage network represented by YOLO and two-stage network represented by Fast-RCNN, in the 
field of garbage detection, Wei Bo [1] et al. proposed a sea garbage detection algorithm based on 
Faster R-CNN, using ResNet101 to replace the VGG16 network structure in Faster R-CNN, the 
improving network is increased by 4.9% on MAP, Zipeng Wang [2] et al Used the improved YOLOv3 
which fusioned detection network in different scales and used the CIOU loss function, the accuracy 
of the final network model increased by 4.9%, and the detection speed reached 74FPS. Shan Zhao [3] 
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et al. proposed a real-time garbage detection algorithm based on MobileNetv2 combined with SSD 
network, while fusing hole convolution and ASPP, which improves the accuracy by 4.8% and the 
detection speed by 78.7% compared with the traditional SSD algorithm. Ruiz [4] et al. proposed 
Resnet combined with Inception's automatic garbage sorting algorithm, which achieved relatively 
excellent detection results. Lee [5] et al. presented a lightweight garbage detection network based on 
AlexNet-SSD model, which reduces the number of parameters of the model at the same time without 
reducing the accuracy of the SSD model. 

The above method effectively improves the performance of the object detection algorithm in the field 
of garbage classification detection to a large extent, but there are also some problems, such as the 
small garbage object detection problem, and the balance of model parameters and model performance, 
some models rely on huge parameters to improve performance, occupying a lot of memory and 
computing resources, but ignoring the real-time problem of object detection, making the application 
more difficult.  

Based on the above problems, the improved lightweight YOLOv5s network proposed in this paper 
has the following contributions: 

1) Combining with the open source dataset, a common five-classification garbage detection dataset 
is made. 

2) Basing on the MobileNetv3 network, the proposing MobieNetv3+ network. The attention 
mechanism module and the bneck module of the network are modified to further reduce the 
parameters of the network and improve the feature extraction performance. 

3) Combining MobileNetv3+ CBAM and YOLOv5s model, a lightweight target detection algorithm 
is proposed, which reduces the model and improves the detection efficiency compared with the 
original YOLOv5s. 

2. YOLOv5s  

2.1 YOLOv5s Network Structure 

 
Figure 1. YOLOv5s network structure 
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YOLOv5s is the least parameterized and concise model in the YOLOv5 series, which is a model 
suitable for deployment in embedded devices, and YOLOv5s [3]is selected as the basic model in this 
article. As can be seen from the figure, YOLOv5s is divided into four parts, respectively:  

1) Input: Employing Mosaic data augmentation and adaptive anchor frame calculation.  

2) backbone: Containing Focus and CSP structures, mainly used for feature extraction of data.  

3) Neck: Containing FPN and PAN structures, fusing network features from backbone to improve 
network detection performance.  

4) Preduction: Including Giou-loss module, prediction module, which based on the feature data in the 
Neck module to predict the location and category of the target. 

2.2 YOLOv5s Loss Function 

The YOLOv5 algorithm adopts the fusion loss function, including: confidence loss, positioning loss 
and category loss. 

 

              L(o, c, O, Cl, g) = λ L (o, c) + λ L (O, C) + λ L (l, g)                      (1) 

 

Among them,λ , λ , λ  Expressed as a balancing factor. 

L  represents the loss of confidence, which is expressed as follows using the Binary Cross Entry 
function: 

 

                        L (o, c) =
∑ (o ln(c ) + (1 − o ) ln(1 − c ))

N
                                      (2) 

 

                      c = Sigmoid(c )                                                                 (3) 

 

Where o ∈ [0,1], indicating the IOU of the predicted target bounding box and the real target 
bounding box, 𝑐 is the predicted value, c  is the prediction confidence obtained by sigmoid function. 

Category loss function: 

 

                    𝐿 (𝑂, 𝐶) = −
∑ ∑ 𝑂 ln(𝐶 + 1 − 𝑂 ln(1 − 𝐶 ))∈∈

𝑁
             (4) 

 

              𝐶 = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑 𝐶                                                                (5) 

 

whereO ∈ {0,1} indicates whether there is a class j target in the prediction bounding box i, C is the 
predicted value, C ̇ is the target probability obtained by the C sigmoid function, and N is the 
number of positive samples. 

Positioning loss function: 

 

 𝐿 (𝑡, 𝑔) =
∑ 𝜎 𝑡 − 𝑔∈ + 𝜎 𝑡 − 𝑔 + (𝑡 − 𝑔 ) + (𝑡 − 𝑔 )

𝑁
            (6) 

 

 t , t , t , t , represent the regression function predicted by the network.  
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g , g , g , g , are expressed as the coordinates of the GT center point as well as x, y and width and 
height. 

3. YOLOv5s Lightweight Network Model Improvement 

The improved network mainly borrows from the MobileNetv3[4] network and the mixed-domain 
channel attention mechanism, The following are introduced in turn. 

3.1 MobileNetv3 Network 

MobileNetv3 is a lightweight convolutional network based on MobileNetv2, updated Block on the 
basis of MoblieNetv2, and replaced the activation function with the H-swish function, intersecting 
with the previous generation of the network, MobileNetv3 has more accurate performance, reduces 
the number of parameters while improving efficiency, and the real-time performance is also better. 
The main structure is shown in Figure 2: 

 

 
Figure 2. The Mobiletv3 network structure 

3.2 Mixed-domain Channel Attention Mechanism 

 
Figure 3. CBAM attention mechanism 

 

CBAM (Convolutional Block Attention Module) is one of the representatives of the mixed domain 
attention mechanism, combining the attention module of channel and space, respectively emphasizing 
the information that channel and spatial attention should pay attention to and the information that 
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should be learned. its main network framework is composed of channel attention module and spatial 
attention module fusion, the main structure is shown in Figure 3 below. 

The original input feature F size is W*H*C, the channel weight Mc is obtained after the channel 
attention mechanism, the size is 1*1*C, the feature F^* is obtained after multiplying Mc and F, and 
the weight M (F∗) is obtained after the spatial attention mechanism, and the size is W*H*1, and 
then the channel attention weight Mc is multiplied with the spatial attention weight to obtain the final 
mixed weight𝐹  and its size is W*H*C.   

Its main feature transformations are shown in the formula: 

 

              F∗ = M (F)⨂F                                                                    (7) 

 

                  𝐹 = M (F∗)⨂F∗                                                              (8) 

 

The CBAM feature matrix size will not change, and the CBAM feature matrix integrates the dual 
features of channel and space, which can enhance the proportion of detection weight of the target 
detection algorithm to the detection area features. Improve the performance of object detection 
algorithms. 

Using the Attention Mechanism Comparison Chart: 

 

 
(a) Before enhancement          (b) After enhancement 

Figure 4. CBAM attention mechanism use before and after comparison 

 

It can be seen that after using the attention module, the detection performance of the algorithm to the 
detection area is significantly improved, and the effect is also obviously improved in the detection of 
small targets. 

3.3 Network Improvement 

3.3.1 MobileNetv3+ Network 

MobileNetv3+ proposed in this paper removes the SE-Net (Squeeze-and-Excitation Networks) 
network in MoblieNetv3-small based on the MobileNetv3 network to make it have better performance 
on the GPU, and at the same time modifies the bneck1, bneck5, and SE (Squeeze-and-excitation) 
attention mechanism was changed to CBAM channel attention mechanism.  

The MobileNetv3+ network structure in this document is shown in Figure 5 below: 
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Figure 5. The Mobiletv3+ network structure 

 

Backbone network parameter configuration: 

 

Table 1. Backbone network parameter configuration 
Input Operator exp size #out CBAM NL s 

22423 conv2d,33 - 16 - HS 2 
112216 bneck,33 16 16  RE 2 
56216 bneck,33 72 24 - RE 2 
28224 bneck,33 88 24 - RE 1 
28224 bneck,55 96 40 - HS 2 
14240 bneck,55 240 40  HS 1 
14240 bneck,55 240 40 - HS 1 
14240 bneck,55 120 48 - HS 1 
14248 bneck,55 144 48 - HS 1 
14248 bneck,55 288 96 - HS 2 
7296 bneck,55 576 96 - HS 1 
7296 bneck,55 576 96  HS 1 
7296 conv2d,11 - 576 - HS 1 
72576 pool,77 - - - - 1 
12576 conv2d 11,NBN - 1024 - HS 1 
121024 conv2d 11,NBN - k - - 1 

 

The improved backbone network structure is stacked sequentially according to the Serial Number in 
Table 3, where the parameter n represents the number of repetitions of the module in the network 
structure, params represents the total network parameters of the model at the current network layer, 
Module represents the main network structure of the layer network, the first parameter in the 
configuration represents the number of output channels, and the second parameter represents the 
number of expansion channels in Inverted residuals. The third parameter indicates the number of 
kernels, and it can be seen that after using the Inverted residuals structure, the number of convolution 
kernels is not limited to the number of output channels in the previous layer.  
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To verify the performance of the MoblieNetv3+ network, this paper uses the imageNet dataset to test 
the improved network. 

MobileNetv3+ network parameters and performance comparison: 

 

Table 2. Network Improvement Comparison 

Algorithm Params Top1 Top5 

MoblienetNetv3 2.9M 67.5% 87.7% 

MoblieNetv3+ 3.1M 69.7% 91.4% 

 

It can be seen that the Top1 accuracy of the Moblienetv3+ network in the image-net dataset increased 
by 2.2%, the Top5 accuracy increased by 3.7%, and the model size was only increased by 0.2M. 

3.3.2 Improved YOLOv5s Lightweight Network Model 

In terms of improvements, the MobileNetv3+ network was introduced first, which strengthened the 
network's ability to extract characteristics. Second, because the number of parameters of the 
MoblieNetv3+ network is much smaller than the C3 structure in Yolov5s, the alternative network 
model is lighter and easier to deploy. Finally, in the prediction module, we introduce the attention 
mechanism, which can learn the feature map information on the channel and space, improve the 
detection effect of small targets through the fitting and learning of the feature map, and strengthening 
the targeted training effect of the model[7].  

The improved lightweight network structure of YOLV5s is shown in Figure 6 below: 

 

 
Figure 6. Improved yolov5s lightweight structure 

 

Improved model parameter comparison: 
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Table 3. Improved yolov5s lightweight parameter comparison 

Algorithm Model size (MB) Number of parameters (103) 

 YOLOv5s 14.8 72.3 

Our model 12.9 30.9 

 

It can be seen that in terms of model size and parameters alone, the improved model is significantly 
smaller than before. 

4. Experimental Data Preparation 

In view of the improved YOLO real-time detection model proposed in this paper, this paper combines 
the open source dataset Drinking Waste Classification obtained from Kaggle and some self-made 
datasets to form a new dataset, which contains four types of recyclable drinking waste and one type 
of non-recyclable waste: aluminum cans, glass bottles, PET (plastic) bottles, HDPE (plastic) feeding 
bottles, cigarette butts.  

Table 4 shows the number of various types of garbage images[8]. 

 

Table 4. The number of various types of junk pictures 

Garbage category Quantity/piece 

Aluminum can 1059 

Glass 1224 

Pet plastic bottle  1489 

HDPE plastic bottle 1025 

Cigarette 2000  
 

The main data distribution is shown in Figure 7 below: 
 

 
Figure 7. The main distribution of the data 
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5. Experimental Results and Analysis 

The experimental platform in this paper is based on Ubuntu 22.4, the Pytorch framework, and uses 
i5-11400+RTX-3060ti Graphic card for Batch size 16 training.  

This paper mainly uses the following object detection indicators for the analysis of experimental 
results:  

One is MAP (Mean Average Precision), which is the mean value of average accuracy. The second 
category is FPS (Frame Per Second), which serves as a speed indicator of the object detection 
algorithm, and the third category is recall (R). The fourth category is the parameter number of 
parameters[9].  

The experimental results of the model are shown in Figure 8: 

 

 
Figure 8. Partial experimental results 

5.1 Related Ablation Experiment 

This paper divides the network architecture model into four experiments, the first is the original 
YOLOv5s model, the second is the model of modifying the backbone network, the third is the model 
of the neck network is modified, and the fourth is the final model of the neck and backbone network 
modified at the same time. 

In the ablation experiment, MAP0.5 indicates that the IOU threshold is 0.5, where the recall rate is 
also obtained, and MAP (0.5:0.95) means that the value is taken every 0.5 from 0.5 to 0.95, and the 
final average is taken[10]. 

 

Table 5. Ablation experimental data 

Backbone Neck MAP_0.5 MAP(0.5-0.95) R(%) Parameter 
(106) 

  93.9 67.5 87.3 7.09 

√  94.5 

(+0.6) 

66.1 

(-1.4) 

89.4 

(+2.1) 

4.58 

 √ 94.1 70.4 88.7 6.69 

√ √ 94.7 

(+0.8) 

70.3 

(+2.8) 

89.9 

(+2.6) 

5.34 
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The √ of the Backbone and Neck sections indicates that the part has been modified. The +- value 
represents the performance comparison with the original version of YOLOv5s. 

The test data of the ablation experiment is shown in Table 3, from the experimental results, the 
experimental results of the second and third experiments are partially lower than the first experiment, 
but the model size and memory required are much smaller than the first experiment. In the fourth 
experiment, whether it is the average accuracy (0.5), the average accuracy (0.5:0.95), the recall R and 
parameter are better than the first experiment, increasing by 0.8, 2.8, and 2.6, respectively. And the 
number of parameters of the fourth model is reduced by 25% compared to the first model.  

 Figure 9 shows the index comparison of the training process of the final improved model and the 
YOLOv5s model, the ordinate box_loss, obj_loss, cls_loss represent the position coordinate 
prediction loss[10], confidence prediction loss and category prediction loss, respectively, it can be 
seen that the improved model fluctuates lower and smooths lower when it converges. It can be seen 
from the figure that the YOLOv5s model has tended to be balanced, so the improved model has more 
advantages than this model. 
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Figure 9. Comparison graph of improved model and YOLOv5s training process 

5.2 Comparative Experiments with Common Models 

In order to verify the performance of the improved YOLOv5s model in this paper, this paper selects 
some commonly used detection frameworks for object detection network for experimental 
comparison, experimental configuration and environment refer to the previous article, from the 
experimental results, the improved YOLOv5s model is better than YOLOv4 and Faster R-CNN in 
accuracy and speed, YOLOv5n is better than the improved YOLOv5s model in accuracy, but its 
model size is 7 times that of the improved algorithm in this paper. And the detection speed is only 
33% of the algorithm in this paper, and the algorithm in this paper has better comprehensive 
advantages in accuracy, size and speed. Overall, the improved model presented in this paper is more 
suitable for use in mobile devices with poor hardware configuration, or edge midrange with low 
power consumption. 

 

Table 6. Common model experimental data 

Algorithm Model size (MB) Average Precision(%) Detection speed(FPS) 

Fast-RCNN 58.9M 88.3 11 

YOLOv5s 14.8M 92.4 142 

YOLOv5n 93.6M 96.8 66 

Our model 12.9M 93.5 200 

5.3 Analysis of Experimental Results 

According to the analysis of the comprehensive results, the lightweight processing of the backbone 
network in this paper has a certain impact on feature extraction, and the decrease in the number of 
parameters is the main reason, but this paper modifies the attention mechanism in the backbone 
network to offset the adverse effects of some feature extraction, so the mAP_0.5:0.95 decreases 
slightly, and the improvement of the neck network has little impact on the parameters and the final 
result of the model, mainly based on the CBAM attention mechanism to strengthen the pertinence of 
the model. In terms of overall improvement, the biggest advantage of this paper is that the backbone 
network is lightweight while ensuring the stability of feature extraction, reducing the fragmentation 
of the network through an efficient lightweight network, and making the network optimization 
process simpler. From the experimental results, the improved YOLOv5s model has 93.5% accuracy 
in garbage collection and a detection speed of 200FPS, which has obvious advantages over other 
models. 
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6. Conclusion 

This paper uses the daily garbage detection dataset fused with the network public dataset and the self-
made cigarette butt dataset, based on the YOLOv5 object detection model to identify and classify 
garbage, and improves the YOLOv5 algorithm from the two aspects of network structure and 
attention mechanism, effectively reduces the number of parameters of the model, and reduces the size 
of the model, making the deployability of the model more excellent, and improving the average 
detection accuracy and detection speed while reducing the parameters of the model, which is expected 
to be applied to campus garbage sorting robots in the future. However, due to the lack of complex 
garbage datasets, there are fewer garbage types in this paper, and complex pictures of fields or garbage 
bins are not used, so that the detection effect of the algorithm may fluctuate greatly in complex 
environments, and the complexity of the field environment will also affect the performance of the 
algorithm. Therefore, in the future, the generalization ability of the model will be improved by 
continuing to optimize the model. 
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