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Abstract

In order to realize automatic garbage detection and grasping work and solve the inaccuracy and la-
bor of the workers operating the refuse collection point, this paper uses a real-time garbage detec-
tion algorithm based on the YOLOv7 algorithm, which can detect the garbage in each partition by tak-
ing real-time photos through the camera in the garbage pool area and grasp the garbage to be grasped
into the area to be incinerated in real-time through the crane jaws, effectively improving the pro-
duction efficiency. The experimental results show that the algorithm of this paper has a mAP value
of 87.7% in 100 rounds of training, which can better meet the needs of real garbage in real-time in-
dustrial processing.

ES|IA: WREH. ET yoLovy MBI AR KA IAT S D] THEALRRE SR, 2023, 13(2): 270-280.
DOI: 10.12677/csa.2023.132027


https://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2023.132027
https://doi.org/10.12677/csa.2023.132027
https://www.hanspub.org/

il

>
or
b

Keywords

Target Detection, YOLOv7, Real-Time Monitoring

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5]

HHT, A% Guhn A oe A0 [m] 5 32 B 4 el and 397 3% [mTUSC sl PR3 VR T A6 357 353k AT T30 43 5 R 3 3 TR
BRREREX I IXFEAEIN T 57, RN RE TR Z AL A, AR TRk s kke, H
U, ASSCRFH —FhIE TR EE 2 1 HARARINN ) YOLOVT By vie 1 A G br B A I 777 1) 1] 3

H brAil (Object Detection) /it SR 5 A (1A% 00 1] # 2. —, FAT S5 2 7 G B UG 7 1 o5t H
WREEAT RS E AL AN 2 AR B AR 55 PAEE S R TR R, WHREA SISO, BESE, D&
FRAR I G RE SR 55 | RS FIBN S5 . JE T BRI, HARKIIE RE BCA VT S 50 A58 i R A 1 114 i
EEXTIXUEIR 2R, A2 30t ARSI L AT T 705 2uidk . One-Stage H Az I 5072 AN B ig B A% 346 [X
B, B TRE XIR A ROP IR, CRARFESR L. H bR AL B B S B AN Bl AT RAE, AARENE
H YOLO %%1.SSD % %1/ RetinaNet. CornerNet. EfficientDet %[ 1], I ¥ 2 5 #E4T /43 A1 43 #7 . Two-Stage
I A I B35 S ot A BE AT 30 B A 348 X 3t 1, PR e X S AT o SR AN B e o, (B A M FE R 43 A
P B, RFEH LA R-CNN (Regions Convolutional Neural Network). Fast R-CNN. Faster R-CNN.
Cascade R-CNN 4§, IR 73 7247 A 4R A 5347 o

EEXFUA B, ASCHEH T —FPIET YOLOVT ) HARKC I SIE, 5 Sem 8 s il S T i .
WIARGSEMT: 1) BE—AKT RN M EIINEIESE: 2) T YOLOV7 SyFnt s S ofn e i
AT SEB ARSI

2. YOLOV7 BIML&LE+
21 HREOSHERASME

TERZHOST WA SR B SCk, EEE RN ERAI TSN EE . T EMT %,
Bello %5 A [2] A\ A A7V 1) BROAS B ARE R R, 40T T S N HR BT BE L B4 1) 43 S HORN 6 38 R B A X Y
25 (V)5 BERA) TR 43 SRR DL RONT ) 4 i 3 TR 1) 3% T 45 AF - Bochkovskiy &8 N [3]7EREAT 1 ALY JE i,
R T S A, R 2 R R ik B e R HE . CSPVoVNet B E 1 R
CSPVoVNet [4]I 154t & VoVNet [51#— AN 4844, VoVNet [41/94810, B 7% FE AT IR {038 A8 1 1) @l
FEARII T G fUAh, CSPVOVNet FIZER[6]3E 43 BT T 06 BERE A2,  DAEAS [F) )2 A EE R 25 ) B8 2 AN [
FRRRAE o b3 PRI BE o b 5 A HE T PR . v . B 1 P ELAN [7], %8 T LR Bt sk ——“n
T — ARG 2 7 AR T AN B R R R KA AR, — N IR A4
A DA R 2 2] Al sl . FEAR S, FRATHEH T2 T ELAN B9 ELAN (E-ELAN), 32454
Kl 1R

TCVR B B AR BRI HE RO RS ELAN Wi BB, B8 T — MRERRES. mEEZH
THEYBE TC IR S, X R RS T RS IR, SHM R M . Frig i E-ELAN @i

ik

DOI: 10.12677/csa.2023.132027 271 PR 55


https://doi.org/10.12677/csa.2023.132027
http://creativecommons.org/licenses/by/4.0/

il

[aYay

MY R 23l A IFREESLIL 1 AEAOIR R A HE L B AR IS 0L T AW I 12 S RE . AT 3
WA R ERUORY T @ M. RS, E-ELAN R0 7S gy, midiz
I H 58 A BOA B . BT SR A A T AL ARORY FE T SRR K T8 AIRE S, [ A 2 P A () £ 412 S0
EIERIGE A TR RN A TE R ShR, 5 —ZURHE IR @ IS HOK 5 J5 IR 1 38 45 440 o (18 3 5ok
o 25, BRI DR EERE R E A S H g BN g 4, R eENiEkide k. &
Ja, BATEM T g ARHEMSR AT IR B T 4R R A6/ ELAN it 5h, E-ELAN &) DL
AT SRR > 2R IR

< C

A
[

Partial

¢——— C

A

" D

() VoVNet (b) CSPVOVNet [4]
c 2c
Partial Partial
< c 2c
| jJ |
(c) ELAN [7] (d) E-ELAN

Figure 1. Extended efficient layer aggregation network. The proposed Extended ELAN (E-ELAN) does not change the gra-
dient transfer path of the original architecture at all, but uses group convolution to increase the cardinality of the added features,
and combines the characteristics of different groups in a way of shuffling and merging cards. This way of operation can be
enhanced by different feature maps and improve the use of parameters and computations
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Figure 2. Model scaling for connection-based models. We observe that the output width of the computational block also in-
creases when depth scaling is performed on the connection-based model. This phenomenon causes the input width of subsequent
transport layers to increase. Therefore, we propose that when model scaling is performed on a connection-based model, it is only
necessary to adjust the depth in the computation block and perform corresponding width scaling on the remaining transport layers
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Figure 3. The planned reparameterized model. In the proposed planned reparameterization model, we find that a layer with
residual or connected connections, its RepConv should not have identity connections. In these cases, it can be replaced by a
RepConvN that does not contain an identity connection
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Figure 4. Auxiliary equipment is rough, lead-head label dispenser equipment is fine. Compared to the normal model, the
schema in this figure has auxiliary headers. Different from the usual independent label assigners, we propose lead-guided la-
bel assigners and lead-guided label assigners from coarse to fine. With lead prediction and ground truth, the proposed label as-
signer is optimized, and the labels for both the training lead and the auxiliary head are obtained. The detailed coarse-to-fine im-
plementation method and constraint design details will be elaborated in the attached appendix
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Figure 5. Schematic diagram of the garbage to be burned and the crane gripper
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Figure 7. Algorithm training curves
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Figure 8. Test results
& 8. 1MER

DOI: 10.12677/csa.2023.132027 278 TFENUER S N A


https://doi.org/10.12677/csa.2023.132027

Lkt

PAESESG 7 AR B, 06 TS R B R R T 55, YOLOV7 ERIINRS 7 T A Bl 45 5K, I
RGN 2 A E AR, (HHABY R R, SERRE LS B AR RAC T 5T & B ARIA B ST AS I K .
gb, TR R AT, R SRR, BE DR RO, SRR HE R, TR
SR ARSI SR, AT BE e b S TSR0 AG A 2 5 A 5k B 1) 1167

1.0 1.0
= —— waste Ne—— ~ —— waste
gripper —\ gripper
= all classes 1.00 at 0.592 ) —— all classes 1.00 at 0.000
0.8 i 0.8 |
[
|
[
| |
0.6 | 0.6 |
- /
=} = |
@
g g
&
0.4 -4 0.4
0.2 0.2
0.0 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Confidence Confidence
1.0
\ —— waste 0.995
: gripper 0.983
\ = all classes 0.989 MAP@0.5
0.8
0.6
c
S
7}
S
3
-4
0.4
0.2
0.0
0.0 0.2 0.4 0.6 0.8 1.0

Figure 9. P-R curves

9. P-R gh%%

MIE 9 AT LAE H, #£ YOLOVT a4 SRrh, M Precision HiZ:f#{E7E confidence Jy 0.4~0.6
Z 8], EEER 1. BRibz sh, H Recall HiZEMIMETE 0.4~0.8 Z [RGB N, AZRHFIN 1. WA
kA, EAIK PR #HZ A Precision BiZk. Recall HiZE K6 B 15 ARG 26 A | —%(. Precision-Recall
i £k 7351 waste 2519 PR {4 0.988, gripper 251 PR Jy 0.655, T4 25 BI% 44 1) mAPO.5 118 4y 0.877.

5. &g

ARICE e 4 YOLOVT Sk I ZEA A A5 1, )R 5 — 2 A 70 R B . SR, M3 1 2 Wi 2,
iH3d Lablelmg TR 58 bR 215 TAF, Dy S Il ZRB s B0 & Bz A PR AS R A 1), 388 e 26
HAn G575y e i, P K-means AR AR ERE, [EEM TAWEHRERLIHE, A
A TR, SRR LR KEE A 5] RN, B BN R Rt ma, fEIIZREL,
UIZR YOLOVT #i7, SIGah AW, W SIALERS R T I R ZEK, AT LA A2 S b s S A B

SE

[1] Wang, C.-Y., Liao, H.-Y.M. and Yeh, I. (2022) Designing Network Design Strategies through Gradient Path Analysis.
ArXiv: 2211.04800.

DOI: 10.12677/csa.2023.132027 279 HEHUR 5 R


https://doi.org/10.12677/csa.2023.132027

il

>
[aYay
hi:

(2]
(3]
(4]
(5]

(6]

(7]
(8]

(9]

[10]

[11]

[12]

Bello, 1., Fedus, W., Du, X.Z., Cubuk, E.D., Srinivas, A., Lin, T.-Y., Shlens, J. and Zoph, B. (2021) Revisiting ResNets:
Improved Training and Scaling Strategies. ArXiv: 2103.07579.

Bochkovskiy, A., Wang, C.-Y. and Liao, H.-Y.M. (2020) YOLOv4: Optimal Speed and Accuracy of Object Detection.
ArXiv: 2004.10934.

Cao, Y., Geddes, T.A,, Yang, J.Y.H. and Yang, P.Y. (2020) Ensemble Deep Learning in Bioinformatics. Nature Machine
Intelligence, 2, 500-508. https://doi.org/10.1038/s42256-020-0217-y

Carion, N., Massa, F., Synnaeve, G., Usunier, N., Kirillov, A. and Zagoruyko, S. (2020) End-to-End Object Detection with
Transformers. In: Vedaldi, A., Bischof, H., Brox, T. and Frahm, J.M., Eds., Proceedings of the European Conference
on Computer Vision (ECCV), Vol. 12346, 213-229. https://doi.org/10.1007/978-3-030-58452-8_13

Chen, K., Lin, W.Y., Li, J.G., See, J., Wang, J. and Zou, J.N. (2020) AP-Loss for Accurate One-Stage Object Detection.
IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 43, 3782-3798.
https://doi.org/10.1109/TPAMI.2020.2991457

Chen, Z., Duan, Y.C., Wang, W.H., He, J.J., Lu, T., Dai, J.F. and Qiao, Y. (2022) Vision Transformer Adapter for Dense
Predictions. ArXiv: 2205.08534.

Choi, J., Chun, D., Kim, H. and Lee, H.-J. (2019) Gaussian YOLOv3: An Accurate and Fast Object Detector Using Localiza-
tion Uncertainty for Autonomous Driving. 2019 IEEE/CVF International Conference on Computer Vision (ICCV), Seoul, 27
October-2 November 2019, 502-511. https://doi.org/10.1109/1CCV.2019.00059

Dai, X.Y., Chen, Y.P., Xiao, B., Chen, D.D., Liu, M.C,, Yuan, L. and Zhang, L. (2021) Dynamic Head: Unifying Object
Detection Heads with Attentions. 2021 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Nash-
ville, 20-25 June 2021, 7373-7382. https://doi.org/10.1109/CVPR46437.2021.00729

Ding, X.H., Chen, H.H., Zhang, X.Y., Huang, K.Q., Han, J.G. and Ding, G.G. (2022) Reparameterizing Your Optimizers
Rather than Architectures. ArXiv: 2205.15242.

Ding, X.H., Guo, Y.C., Ding, G.G. and Han, J.G. (2019) ACNet: Strengthening the Kernel Skeletons for Powerful CNN
via Asymmetric Convolution Blocks. 2019 IEEE/CVF International Conference on Computer Vision (ICCV), Seoul, 27
October-2 November 2019, 1911-1920. https://doi.org/10.1109/ICCV.2019.00200

Ding, X.H., Zhang, X.Y., Han, J.G. and Ding, G.G. (2021) Diverse Branch Block: Building a Convolution as an Incep-
tion-Like Unit. 2021 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Nashville, 20-25 June
2021, 10886-10895. https://doi.org/10.1109/CVPR46437.2021.01074

DOI: 10.12677/csa.2023.132027 280 T LR 58


https://doi.org/10.12677/csa.2023.132027
https://doi.org/10.1038/s42256-020-0217-y
https://doi.org/10.1007/978-3-030-58452-8_13
https://doi.org/10.1109/TPAMI.2020.2991457
https://doi.org/10.1109/ICCV.2019.00059
https://doi.org/10.1109/CVPR46437.2021.00729
https://doi.org/10.1109/ICCV.2019.00200
https://doi.org/10.1109/CVPR46437.2021.01074

	基于YOLOv7的垃圾焚烧分类检测研究
	摘  要
	关键词
	Research on Classification and Detection of Waste Incineration Based on YOLOv7
	Abstract
	Keywords
	1. 引言
	2. YOLOv7的网络结构
	2.1. 扩展的高效层聚合网络
	2.2. 基于串联的模型缩放

	3. 训练技巧
	3.1. 重新设计模型参数化
	3.2. 粗标签用于辅助头、细标签用于引导头
	3.3. 其他免费训练包

	4. YOLOv7的垃圾检测算法
	4.1. 数据集的构建
	4.2. 实验环境及评价准则
	4.3. 实验结果及分析

	5. 结论
	参考文献

