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Conveyor belt tear detection algorithm of belt conveyor
based on lightweight YOLOv7

An Longhui Wang Manli Zhang Changsen

(School of Physics and Electronic Information, Henan Polytechnic University, Jiaozuo 454000, China)

Abstract: To solve the problem of conveyor belt tear detection in the special operating environment of underground
mines, a lightweight detection algorithm based on line laser assistance and improved YOLOv7 is proposed. Firstly,
considering that the conveyor belt tear is mainly small targets, the largest detection layer is not needed, thus
simplifying the network model to reduce the model size and the number of parameters. In addition, the dynamic non-
monotonic FM-based Wise-IoU loss function is adopted to make the model pay more attention to common quality samples
and improve the model detection performance. Then, the LAMP pruning method is used to improve the model’s computing
speed and reduce the computing complexity, achieving the lightweight of the detection network. The channel
knowledge distillation is used to improve the model accuracy without loss, and finally, the model is accelerated by
TensorRT to achieve faster detection speed. The experimental results show that compared with the benchmark model.
the improved model has a parameter number and computing volume reduced by 86. 8% and 49. 2%, respectively, mAP
@0.5:0. 95 reached 62.4%, and the detection speed was improved by 151.0 fps, the model size was reduced from
71.3 MB to 12.8 MB. After the improvement, the model has improved the accuracy and real-time detection of
conveyor belt tear faults.

Keywords: YOLOvV7;o0bject detection; Wise-IoU; LAMP pruning; channel knowledge distillation; TensorRT
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Table 3 Model comparison experiments under different pruning rates
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Fig. 9 Comparison of channel changes in each convolutional layer
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Table 4 Effects of knowledge distillation on the model

. Parameters/ FLOPs/ mAP@0. 5; AP@0.5: AP@0.5: Model FPS/fps

- M G 0.95/% 0.95/ % (tear)  0.95/% (wear) Size/ MB (bs=28)
teacher 18.6 106. 0 62.8 65.3 60. 2 36.2 54.1
40% 7.0(—62.4%) 63.2 62.7 65. 4 59.9 13.7 67. 4
40%-CWD  7.0(—62.4%) 63.2 62.8(4+0.1) 65. 4(+0) 60.2(40.3) 13.7 67.4
40%-MGD  7.0(—62.4%) 63.2 62.2(—0.5) 63.9(—1.5) 60.5(+0.6) 13.7 67.4
50% 4.8(—74.2%) 52.4 61.5 65.0 58.0 9.5 70. 1
50%-CWD  4.8(—74.2%) 52.4 62.4(+0.9 65.7(40.7) 59. 1(+1.1) 9.5 70.1
50%-MGD  4.8(—74.2%) 52. 4 61.8(+0.3) 64.3(—0.7) 59.2(+4+1.2) 9.5 70. 1
60 % 3.3(—82.3%) 42. 4 59.9 62.3 57.5 6.5 74.3
60%-CWD  3.3(—82.3%) 42. 4 60.8(+0.9) 64.3(+2.0) 57.4(—0.1) 6.5 74.3
60%-MGD  3.3(—82.3%) 42. 4 61.4(+1.5) 65.6(+3.3) 57.2(—0.3) 6.5 74.3
70% 2.1(—88.7%) 31.5 57.1 59.8 54.3 4.2 83.5
70%-CWD  2.1(—88.7%) 31.5 59.9(+2.8) 63.3(+3.5) 56.4(+2. 1D 4.2 83.5
70%-MGD  2.1(—88.7%) 31.5 58.5(+1.4) 61.6(+1.8) 55.5(+1.2) 4.2 83.5
80% 1.3(—93.0%) 20. 9 54. 4 57.5 51.2 2.8 97.1
80%-CWD  1.3(—93.0%) 20. 9 58.1(+3.7) 62.6(+5.1) 53.5(+2.3) 2.8 97.1
80%-MGD  1.3(—93.0%) 20. 9 58.0(+3.6) 62.4(+4.9) 53.5(42.3) 2.8 97.1
90 % 0.6(—96.8%) 10.1 52.0 55.3 48.7 1.5 116.6
90%-CWD  0.6(—96.8%) 10.1 53.1(+1.1) 56.1(+0.8) 50.2(+1.5) 1.5 116.6
90%-MGD  0.6(—96.8%) 10.1 51.6(—0.4) 53.9(—1.4) 49.4(+0.7) 1.5 116.6
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Table 5 Results of improved YOLOv7 ablation experiments
LEACES Parameters/ FLOPs/ mAP@O0.5; Model FPS/{ps
WIloUv3 Lamp CWD TensorRT ) )

ZE s M G 0.95/% Size/ MB (bs=28)
X X X X X 36. 5 103. 2 56.7 71.3 54.0
J X X X X 18.6 106. 0 62. 1 36. 2 54. 8
J N X X X 18.6 106. 0 62.8 36. 2 54. 1
J N J X X 4.8 52.4 61.5 9.5 70. 1
N J J J X 4.8 52. 4 62. 4 9.5 70. 1

NG NG N NG NG — — — 12.8 205. 0

A X AN 6 Fis. T I EBH#E S YOLOVT i
M fe, X T YOLOv7-tiny. fff JH fasternet™ i
efficientVITMO™ W ¥ YOLOv7? £ F M %, LI K&
Lightweight-YOLOv7, Faster-YOLOv7, SlimNeck-YOLOv7
ek BARKE I Oy ik e s RN R 7 TR
YOLOv7-tiny J& YOLOv7 /MR, H AT [ 52 fai 1k
I £ 5 K8 (1) Y OLOv7-tiny I 45 f A B0 AR/, T 44 A 31
FE He k)5 (9 YOLOvV? B 57. 7 fps. B2 YOLOv7-tiny Y
AR AR T, 2 DA A R RS o AR A . YOLOv7
e fasternet Fl efficientViTMO i 2% £ T W 4% )5 B &
B M 33.4% .60, 7% 34.0% .61. 9%,
R0 3 43 )4 ¥ 38. 5 fps 1 31. 6 fps, {HASE AU 7 B 4%

JETRRREZ, /BT B 5. 8% Al 4. 8% , X B BRI B i 458 K,
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YOLOv7 Mi%: FJFE R YOLOv? 2508 2 5l 2> 29. 0% .
37.8% . 14. 0% AT w43 B T R 24. 3% .65. 5% .12. 4%,
HE B R > W) TF 5.7, 39.8., 2.2 fps, H H Faster-
YOLOv7 BT # e Mobilenetv3 N % £+ & 58 fi5E
BRI, B E k3 93.8 fps. YOLOv7-tiny.
fasternet, efficientViTMO, Lightweight-YOLOv7, Faster-
YOLOv7 fil SlimNeck-YOLOv7 58 #t 5 A YOLOv? &
A, mAP@0. 5:0. 95 Zr K 11. 7% .11. 5%.10. 5% .
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Table 6 Comparison with the lightweight network core implementation

R A0 S
YOLOv7-tiny YOLOv7 WA B RRAS  fi H SILU 1 3800 e 4L
fasternet FasterNet # 3 (1) 1% i1
efficient ViTMO o A0 B 7 WL T R A T 5 PR 28 I 2% (FFND
Lightweight-YOLOv7 B4y BT (PConv) £ BB £ T ELAN 1, SimSPPF #i 4k 4 SPPCSPC
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Table 7 Comparison experiments with lightweight networks

. Parameters/ FLOPs/ mAP®@O0. 5, AP@0. 5. AP@0. 5. Model FPS/fps

M G 0.95/% 0.95/% (tear)  0.95/% (wear) Size/ MB (bs=28)
YOLOvV7-tiny 6.0 13.0 50. 7 54.9 46. 6 11.7 118.3
fasternet 24.3 40. 6 50.9 53.7 48. 2 48. 1 92.5
efficient ViTMO 24.1 39.3 51.9 54. 6 49. 2 48. 1 85.6
Lightweight-YOLOv7 25.9 78.1 51.7 53.7 49.7 51.2 59.7
Faster-YOLOv7 22.7 35.6 50. 3 53.9 46.8 45.0 93.8
SlimNeck-YOLOv7 31.4 90. 4 52.3 55.2 49. 4 61.6 56.2
YOLOv7 36.5 103. 2 56.7 59.4 54.0 71.3 54.0
Bk EF YOLOV? 4.8 52.4 62.4 65.7 59.1 9.5 70. 1

ey

— — — — — 12. 8 205.0

YOLOv7+ TensorRT

D75 S ST XA B S 0 R s D o A YOLOvA™ | YOLOv5], YOLOv8I™ | YOLOv9"" | RT-
B B (] Rt R UE TR RS R AR DETR™, Pl }2 #:F RTDETR g # )5 & RTDETR-IHD™”

N T 2D B UE AR SC TR A B S YOLOVT £ A YOLOv8m-HTLE W FE i ik 8 1 dF A7 % sk g8, dnk 8
FURE I P RE L A 3C 5 B RT3 3 B AR AL & YOLOvS®Y | Fi7R .

KR8 METHRELZIREXLLLE

Table 8 Comparison experiments of each model on the conveyor belt dataset

fm Parameters/ FLOPs/ mAP@O0.5; AP@0.5: AP@0.5: Model FPS/{ps

M G 0.95/% 0.95/ % (tear)  0.95/% (wear) Size/ MB (bs=8)
YOLOv3 61.5 154. 6 55.8 59.6 52.0 117.7 46. 5
YOLOv4 63.9 141.9 52.4 55.5 49. 3 244. 4 33.1
YOLOv5I1 46. 1 107. 7 58.2 61.9 54.5 88.5 56.2
YOLOv7 36.5 103. 2 56.7 59.4 54.0 71.3 54.0
YOLOvSI 43.6 164. 8 58.0 60. 9 55.0 83.6 48. 2
YOLOv9 50.7 236. 6 57.1 59.5 54. 8 98.0 29.2
RT-DETR 41.9 129.5 60. 0 61.7 58. 4 82.1 36. 5
RTDETR-IHD 16. 4 49. 3 60. 3 62.9 57.6 32.0 50. 1
YOLOv8m-HTL 34.0 85.2 56. 2 60. 0 52.3 65.3 62.4
Wi fF YOLOvT? 4.8 52. 4 62. 4 65. 7 59.1 9.5 70. 1

(LI

— — — — — 12. 8 205.0

YOLOv7+TensorRT

« 72



ZRAE F R T2 YOLOVT 638 X Hrit AU 3 3 2 6 m A%

%1

ML HT R 8 W LA A SCHE H G R 1 YOLOw?
BERILE SRR . mAP@O. 5:0. 95 4 B R AR, 4 0 )3 1
BEMLE AR L RTDETR-IHD & 3. 1 G, {E %k
B J5 W, YOLOv3., YOLOv4, YOLOv5I, YOLOwvSI,
YOLOv9.RT-DETR,RTDETR-THD fl YOLOv8m-HTL
Xt H B #E S B YOLOvV? 40 3 ik 6.6% . 10% . 4. 2%,
5.7% 4. 4%, 5.3% . 2.4% . 2.1% A1 6.2%, e i J5
YOLOv7 i i 2% 4 45 2 18 451 %) s A B 389 w8 1 LAt i

(a) BOHASETY

(a) Improved model

(b) YOLOv3#7Y
(b) YOLOv3 model

(c) YOLOV4#SHY
(c) YOLOvV4 model

WAL AL, YOLOvA (1445 DU KS B B i, 20k 5 19 YOLOv?
TR e FRH R b, YOL OV F i 3103 18 B i, 38 I ol gk
J5 B YOLOvVT BERVE CRAFI /N AT RSF 1 [ B, S8 T
3 T ARG U A B
3.5 TRABETHERRNER

Syt — 4 B R B S B YOLOVT BT RS2 PR 5 F
PR R R i 326 0 2 A s LA A A 5 R 40 B 10
B

(d) YOLOVSI# %Y
(d) YOLOvVS5I model

(e) YOLOVSI$HEL
(e) YOLOvS8I model

(f) YOLOV7-tiny £ %!
(f) YOLOv7-tiny model

(g) YOLOVORLE
(g) YOLOV9 model

(h) RT-DETRAEY
(h) RT-DETR model

(i) RTDETR-IHDA Y
(i) RTDETR-IHD model

(j) YOLOV8m-HTLAE R
(J) YOLOV8m-HTL model

P10 X S TR 5 7 A 4G T 45

Fig. 10 Compare the detection results of different algorithms
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