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Detection Algorithm of Recyclable Garbage Based on Improved YOLOvVSs
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Abstract Garbage recycling offers many benefits, e. g. , protection of water and soil resources, quality improvement of
the living environment of residents, and accelerated development of green circular economy. However, traditional garbage
recycling methods incur excessive labor and resource costs. In this work, we propose a lighter YOLOv5s improved model
in which ShuffleNet v2 and deep separable convolution methods are combined to better solve the problems in garbage
recycling by classifying and locating recyclable garbage more efficiently. Experimental results show that number of
parameters of the improved model is only 38. 98% of that of the original model. When the input resolution is 640 X 640,
the mean average precision (mAP) of the improved model is 94.01%, which is 1. 91 percentage points higher than the
original YOLOv5s. With regard to the computing speed, the forward propagation time of the improved model is 11.5%
greater than that of the original YOLOv5s by deploying on hardware of Jetson Nano. Moreover, compared with the
current mainstream target detection models, the improved model has a good ability to express the characteristics of
recyclable garbage.
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Table 2 Ablation experiment data of general category

Backbone Neck P/% R /% mAP 0.5/% mAP 0.5:0.95/% Parameters /10° Memory /MB
89. 37 85.18 92.09 68. 88 7.09 13.7
Vv 88. 85 89.43 93. 36 68. 10 4.08 8.03
Vv 88.41 89.15 93.03 71.40 5.69 11.05
Vv v 90.12 89.95 94.01 71. 30 2.68 5.34
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Table 3 Experimental data for ablation of individual class

Class P/% R /% AP /%
YOLOv5s Proposed model YOLOv5s Proposed model YOLOvS5s Proposed model

Edible oil barrels 93 94.1 91.5 97.9 97.2 97.4
Pop cans 84.4 90.1 76.3 85.9 89 91.8
Cartons 90. 8 91.4 91.7 93.5 96.3 97.3
Metal cans 81.8 80.9 78.9 85.3 84 88.7
Beverage bottles 77.3 81.7 74.4 76.2 82.9 86. 1
Plugs and wires 82.6 86.5 67.6 78.2 80. 6 88.2
Book and paper 94.7 95 94.6 97.5 98.1 98.2
Pans 95.9 93.3 87.2 91.7 96. 4 97.7
Scissors 97.2 90. 4 89.6 93.3 97.1 95.2
Bowls 96 97.8 100 100 99.3 99.5
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Fig. 6 Original image and image obtained by modules. (a) Original image; (b) image obtained by CBS module; (¢) image obtained by S-b module
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Table 4 Comparison experiments with common models

Model P/% R/% mAP_0.5/% Parameter /10° Memory /MB
Faster-RCNN(ResNet50) 68. 50 94.15 92.32 28.3 108. 48
YOLOv3 88.47 74.25 85.83 61.9 235.71
YOLOv4 87.83 85.60 88.50 63.9 244. 48
YOLOvS5s 89.40 85. 20 92.10 7.09 13.70
YOLOx-s 92.13 92.53 94. 40 8.94 34.29
Proposed model 90. 12 89.95 94.01 2.68 5. 34
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Jetson Nano fifi {4 it & : Jetson Nano {9 3 R 28 4 J&
T ARM 4249508 1, 450 B i (DB AR A Ik, TiT
# I ARM A57 @ 1.43 GHz CPU ., 128 #% Maxwell
GPU #14 GB LPDDR4 RAM.,

Jetson Nano i #5 # : YOLOVS & 3 T PyTorch
HEZR T % 1, 7% B PyTorch 1. 6 LA F A, 4 1 W AL 75
R, AR Nvidia B 5 SCRS , 223 JetPack SDK 4. 4, H 4%
#£7 Ubuntu 18.04 &4 .CUDA 10. 2. CUDNN 8.0,
OpenCV 4.1.1; % % PyTorch 1.8.0 F1 Torchvision
0.9.0, HoRJE T NVIDIA ‘F M £2 4k 19 77 =0 5 4 F 2 08
i) R 480 2R 5% T H Virtualenv 81 & YOLOv5s i 2 37 12
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10W,

22 5 AN EIFLHLLE Jetson Nano | %] A [6] &A% 14 4k
PR (B B X L o FE B o BE 640X 640 B, T £2 2
R R R A% S FE B LE R R B A A 11, 5%, Bl 45 i A
A3 HE W, A 640X 640, 512X 512, 416X 416 |
320X 320, 15 R {ij 14 #E i) 126 87 $E U1, (LT 45 A R A5 184
SRR
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Table 5 Comparison of processing time at Jeson Nano
Image size Model Preprocessing time /ms  Inference time /ms ~ NMS time /ms ~ FP time /ms
Yolov5s 1.6 182.3 10.1 194
640X 640
Proposed model 1.5 160. 2 9.9 171.6
Yolov5s 1.1 123.3 9.2 133.6
512X512
Proposed model 1.1 108. 2 8.8 118.1
Yolov5s 0.9 82.9 8.0 91.8
416 <416
Proposed model 0.9 73.2 7.4 81.5
Yolovbs 0.8 56.0 6.5 63.3
320320
Proposed model 0.7 48.5 5.6 54.8
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