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Lightweight Network Model for Waste Cable Detection

RAO Rixin's, WANG Yiwen', ZENG Lizhi*, TONGXintian', ZHAO Haitao' "
(1. School of Information Science and Engineering, East China University of Seience and Technology, Shanghai 200237, China;
2. School of Mechanical and Power Engineering. East China University of Seience,and Technology, Shanghai 200237, China)

[ Abstract] Currently, waste cable recycling in China relies primiarily.on/manual sorting, which is time-consuming,
labor-intensive, and inaccurate. To deploy the model on small'embédded devices more effectively and improve real-
time detection, an improved lightweight network modelsbased on YOLOv5s for waste cable detection is proposed
herein. First, standard convolution modules in the Backbone of the network are replaced with lightweight Ghost
modules to reduce network complexity, and a Convolutional'Block Attention Module (CBAM) is introduced before
a Fast Spatial Pyramid Pooling (SPPF) module to enhance feature extraction and fusion efficiency. Second, the C3
module in the neck of the network is combined with an Effective Channel Attention (ECA) module to facilitate
inter-channel information interaction and) énhance the network’ s feature fusion capability. Finally, Wise
Intersection over Union (WIoU) is utilizedvas\a new bounding box loss function to improve the regression effect and
accelerate the model convergence spéed.  The experimental results demonstrate that the improved model achieves an
average detection accuracy of 96W3.%%s which is 1. 2 percentage points higher than that of the Single Shot multibox
Detector (SSD). There ares5. 15X 10° parameters in the proposed model, which is a 27. 0% reduction compared
with the YOLOv5s model. Thetinference speed on the small embedded device, LubanCat-1, reaches 8. 49 frame/s,
indicating excellent real-timeésperformance and suitability for real-time detection and classification of waste cables.

[Key words)] waste cable detection; YOLOv5s model; lightweight; attention mechanism; embedded device
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Table 3 Comparative experimental results of different models

5 ZHHE /10 FLOPs/10° BRI/ MB mAP@O0. 5/ % FPS/(iies
Faster R-CNN 137.10 370. 2 108.5 99. 1 —
SSD 26. 29 62.7 95. 2 95. 1 —
YOLOv3 61.58 155. 4 117.0 92.2 2.34
YOLOv3-tiny 8. 69 13.0 16.6 97.1 12. 89
YOLOv4 64. 36 60. 5 244. 6 95.0 —
YOLOv4-tiny 6. 06 7.0 22.6 80.5 —
YOLOv5s 7.05 16.0 13.8 98.0 9. 60
WA 5.15 10. 9 10. 2 96. 3 8. 49
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Fig.9 Visual comparison of detection results

ST G B AR AR AE O ] BR BE T 1R B R A AR
1. BLR il g 4b BB S8 (NPUD i G
LubanCat-1 5 PC 3% 2k %} B 20 , {di F AH [&] i A 2
B AL B TF AR 22 W45 A8 e CONNXD) AR A
Rockchip #1225 % 48 (RKNN) 5 28 o i o 455 750 5
S HER TN SR B ER O N A O e
K10 . 43 #1 & B, i T 7€ Ghost BL i
ATHREN S EER, RASHGEH T T . H
RN T BB R Tie AR, RRERE T

B Ak 1) 1 A8 b ol P o A AR 0 A o B
R R AW R B

ASCAE LubanCat-1 54 I ffi Hf RKNN #2181
ATHERERT L 3@ 27 NPU Jn , WiR v 35 3] PC 48 L
ONNX 5[ 38. 9% , A tb F LubanCat-1 % £ I
il FH ONNX AR A 4 81, B ASff ) NPU Jiin s B i
A0 LA T, B WL, 7248 H NPU
(IR AR AT DA AR A T e A G4 b A 7 4 R
IR B AT, DL A SE PR oK .



$£50% £ 8HI/2024 £ 8 A/HEN TR

29

f Spgameny 35 HERE
18} SONMA ) T b2 43 HT H B ) B SR X S
=l SRR 3 2o 15 9 S 0 AR R
iy FRLEHANGE 4 FER Horh /" FORTE YOLOVSs
& gt REAL A BLA bl P2 S AT ek ik L 28 LR R R A
| FZR,
Hi , | | 2 4 0T UL A6 T R4 h 8 1 Ghost BEHUR
SR YOLOV3 Yﬁ);]?ﬁ;}ltui?gﬁfOLO%s average *ﬁﬂﬂg%ﬁ%@&? 27. 5 % ’,fﬂ mAP@O 5 ﬁ_j“Fl}%‘%
E10 FEESFHRE I TRER T 26,4 NAS AL BRI RE R A TR E R R H,
Fig.10 Comparative experimental results of AT IR R T B8 A MR ek 2 S U AR Y 2 2T e
different runtime environments ZHT —%ﬂ%ﬁ PRI 5 ] o T A SCSI2 55 {jﬁiﬁﬁ E/‘JJ—E H
x4 HEIWERLER
Table 4 Comparison of ablation experimental results
Ghost CBAM C3ECA WloU ZHH /100 mAP@0. 5/% FPS/(ies 1)
7. 047 9870 9. 60
N, 5.112 7106 9,57
N, N, 5. 145 7542 8. 81
N, N N 5. 145 80. 8 8. 54
N/ J 7.079 99. 4 9.10
N N 7..047 99. 3 9. 42
N NG 50112 95.9 9.57
N, N, N, N 5a145 96. 3 8. 49

FEL B AR I AR K R T 28 TR 4 A v I £ A X
B DR AR 24 3T S50 B T B T i o BT
BRECHT CloU B4ty WIoU Ji , 7640 R 8431145 480
I B 1T 17 N O 3 I B s N G
WIoU J& » fi1 £ i il S0 75 21 425, IR 58
S AR F S RGOS JE [E] TR 95. 9%, FEASHAL
e g LT L] CloU 8 m 1 24, 3 4
[ER =

0.12

— Ghost + CloU
— Ghost + WIoU

0.10 |y
0.08
1]
8 0.06 |
—
0.04

0.02 |

0 5‘0 1(I)0 1:50 260 22’)0 360
Epoch
B 11 KLttt
Fig.11 Comparison of loss curves
TR B Y R 2% B R IOKS R, 7R
YOLOv5s #5513 i | 8 4d 34 fin CBAM 5
C3ECA # He, I fff Fi WIoU i 2k e %, fif
mAP@O. 5 70N T 1.4 A1 1.3 AN E AL TS

Bt LA . e Ghost Bk 5 CloU i
I eRER A LA AR T CBAM 5 C3ECA #idk,
TR ) RS DUDRS BE AR B T T 3. 6 F1 5. 6 AN 43 a5
Tl AT AT B AR L e 2 A el AR R ) S R
R 5. 145X 10° A JRAR LK) 73, 094 S 2546 1 A% B
IKF) 96. 390 AL LAY T 1. 7 A ST

4 ZERIE

AR SCEF P TH L [RNAT: 55 o 48 s — Fh it 1
YOLOv5s ™ 4% 5 %, Jf 76 /N 8 4 A X% &
LubanCat-1 FSZEE T#E SHEH, w2 B ETM
25 AR 8 UL 40 R Ghost A5k D IR A5 254
(21 PR S e . SR, PRI Rl A A
LRI CBAM, 4351 WA 38 38 52 ] B A~ 4 B 1
PBOR Z 55 8 ek TR RE R e . 1558
FESER N4 C3 BB rhifl A ECA ik, 72 LT A
SIABONS BRI FRUE T 5 M ARG IS B . f
Jei i WIoU £ by i #E 451 25 o 85, $2 74 1 1 2ot
FRAG IR . SER 25 R B, AT YOLOvSs
BAL, B EREAL LA 1. 7 AN B 4 a0/ IS R RS 6 AR
A EE B BRI T 27, 0% ML LRI /N,
HAEM ] NPU M 9 LubanCat-1 | ELA 8 He )



30

$50% £ SHI/2024 £ 8 A/ATENMTRE

R BERE ] TR A SCF 7 B —E B9S2 PR
MBHE. EJRLERIBETE T R 2 A S IR
IOy BB AL M 2K, JE— S THEBASCR

(1]

(2]

(3]

[4]

L

wl

]

[6]

(7]

[8]

[9]

[10]

[11]

[12]

£ & 30k

KA. BRBIR Pl & TS R TR A B R AL PR S e
(10, PEE L, 2023, 32(6): 2-9.

ZHANG N. Analysis of supply and demand status and trend
of copper resources in China under development background
of new energy industry[J]. China Mining Magazine, 2023,
32(6): 2-9. (in Chinese)

SCHIEZAS AR, b ZE, &5 ERETE A S5 AL
W), HuEREEHR, 2023, 44(2): 325-332

WENB]J, DAI T, HAN Z K, et al. Copper in-use stock and
recycling potential in China[J]. Acta Geoscientica Sinica,
2023, 44(2): 325-332. (in Chinese)

RENS Q. HE K M, GIRSHICK R, et al. Faster R-CNN:
towards real-time object detection with region proposal
networks[ ] |. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2017, 39(6): 1137-1149.
REDMON J. DIVVALA S, GIRSHICK R. et al. You only
real-time object detection [ C ] //
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). Washington D. C., USA.:
IEEE Press, 2016 779-788.

REDMON J, FARHADI A. YOLO9000: better, faster,
stronger [ C ] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition ( CVPR ).
Washington D. C. , USA: IEEE Press, 2017: 6517-6525.
REDMON J, FARHADI A. YOLOv3: an incremental
improvement[ EB/OL7. [2023-09-17]. https: //arxiv. org/,
abs/1804. 02767.

BOCHKOVSKIY A, WANGCY, LIAO HY M. YOI{Ov4:
optimal speed and accuracy of object detection [ EB/OL].
[2023-09-17]. http: /arxiv. org/abs/2004. 10934

TLUE R, BEA, 5 SIS BN BAR
R g, iS4k, 2021, 42(4) . 524519,

JIANG B, QU R K, LI Y D, et al. Object detection in UAV
imagery based on deep learnings. review [] ]. Acta
Aeronautica et Astronautica Sinica, 2021% 42 (4). 524519,
(in Chinese)

TG % S, SR, RO B 25 ) 4 5 42 i )
RGNS EE L], THAHL T 2020, 46(2): 262-267,
273.

KEP F, CAIM G, WU T. Face recognition algorithm based
on improved convolutional neural network and ensemble
learning[ ] ]. Computer Engineering, 2020, 46(2): 262-267,
273. (in Chinese)

HOWARD A G, ZHU M L., CHEN B, et al. MobileNets:
efficient convolutional neural networks for mobile vision
applications EB/OL]. [2023-09-17]. http: //arxiv. org/abs/
1704. 04861.

SANDLER M, HOWARD A, ZHU M L, et al
MobileNetV2: inverted residuals and linear bottlenecks[ C]//
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Washington D. C., USA.
IEEE Press, 2018: 4510-4520.

HOWARD A, SANDLER M, CHEN B, et al. Searching for
MobileNetV3 [ C ] // Proceedings of the IEEE/CVF
International Conference on Computer Vision (ICCV).
Washington D. C. , USA: IEEE Press, 2019: 1314-1324.

look once: unified,

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[26]

ZHANG X Y, ZHOU X Y, LIN M X, et al. ShuffleNet: an
extremely efficient convolutional neural network for mobile
devices[ C ] // Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Washington D. C. .
USA: IEEE Press, 2018: 6848-6856.

MAN N, ZHANG X Y, ZHENG H T, et al. ShuffleNet
V2. practical guidelines for efficient CNN architecture design
[M]. Berlin, Germany: Springer International Publishing,
2018.

TANM X, LE Q V. EfficientNet: rethinking model scaling
for convolutional neural networks[ EB/OL]. [2023-09-17 .
http: //arxiv. org/abs/1905. 11946.

WANGCY, MARK LIAO HY, WU Y H, et al. CSPNet: a
new backbone that can enhance learning capability of CNN[C]//
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops ( CVPRW ).
Washington D. C. , USA: IEEE Presss 2020: 1571-1580.
LIN T Y, DOLLAR P, GIRSHICK R, ‘et al.
pyramid networks for object detection| CJ//Proceedings of the
IEEE Conference on
Recognition (CVPR).
Press, 2017: 936-944,
LIUS, QI L, QIN HF, et al. Path aggregation network for
instance segmentation [ €4/ Proceedings of the IEEE/CVF
Conference on€omputer Vision and Pattern Recognition.
Washington D. C. , USA: IEEE Press, 2018 8759-8768.
HAN K, WANG.-Y H, TIAN Q. et al. GhostNet: more
features from cheap operations[ C]//Proceedings of the IEEE/
@VF Conference on Computer Vision and Pattern Recognition
(CVPR), Washington D. C., USA: IEEE Press, 2020:
1577=1586.

HEK M, ZHANG X Y. REN S Q, et al. Deep residual
learning for image recognition[ C]J//Proceedings of the IEEE

Feature

and Pattern

USA: IEEE

Computer Vision
Washington D. C. .

Conference on Computer Vision and Pattern Recognition
(CVPR). Washington D. C. , USA: IEEE Press. 2016 770~
778.
WOOS., PARK J, LEE J Y, et al. CBAM: convolutional
block attention module [ C] //Proceedings of the European
Conference on Computer Vision. Berlin, Germany: Springer,
2018 3-19.
HU J, SHEN L, SUN G. Squeeze-and-excitation networks
[C1//Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Washington D. C., USA.
IEEE Press, 2018. 7132-7141.
WANGQ L, WU BG, ZHU P F, et al. ECA-Net: efficient
channel attention for deep convolutional neural networks[ C]//
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition (CVPR). Washington D. C., USA.:
IEEE Press, 2020 11531-11539.
ZHENG Z H, WANG P. LIU W, et al. Distance-IoU loss:
faster and better learning for bounding box regression[ C]//
Proceedings of the AAAI Conference on Artificial
Intelligence. Palo Alto, USA: AAAI Press, 2020: 12993-
13000.
TONG Z J, CHEN Y H, XU Z W, et al. WiseloU:
bounding box regression loss with dynamic focusing
mechanism[ EB/OL]. [2023-09-17]. http: //arxiv. org/abs/
2301. 10051.
LIU W, ANGUELOV D, ERHAN D, et al. SSD: single
shot multibox detector [ C] // Proceedings of the European
Conference on Computer Vision. Berlin, Germany: Springer.
2016 21-37.

i BlEE



