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Abstract

Aiming at the heavy workload in the industrial mine production line and the high real-time per-
formance in the target positioning detection, a target detection algorithm based on improved YO-
LOVS is proposed. The algorithm replaces the backbone feature extraction network CSPDarknet
with the lighter MobileNetv3, and improves the 3 x 3 convolutional block of PANet network to im-
prove the detection accuracy and efficiency. Using DIoU-NMS to replace the weighted NMS in the
original model further reduces the number of parameters, improves the convergence of the mod-
el, and improves the detection accuracy when the targets overlap. The parameter number of the
improved algorithm is reduced by 24.95%, the mAP value is 95.7%, the frame number is 166.7
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FPS, and the detection time of a single image is shortened by 4 ms, which shows that the algorithm
has stronger practicability and higher detection accuracy on the ore conveyor belt.

Keywords
Deep Learning, Target Detection, YOLOv5, Lightweight Network, MobileNetv3

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|15

BEE (S EHARFINLEE NE AR R TE, Tl A= 8oet H S0 40 FE B ROk s . it T KR A4
AR, — R SR LR A AT R, BRI . RN AR Tl AR, £
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PL YOLO [2] R FIAAREI I B LL RCNN [BAARRI BB, gk S5 52 R F &7 85 4 B s
B, SR AR RRE G 25 (RS B DA R B RRAE 2SI, 32w H bR A U ARG 2, R FH 25 T 2R 8 466 1) Ghost
Bottle Neck #H A ik A 280 5 [4]. £ A5 CABM V1= J1HLiI A1 Transformer %1% YOLOV5
BRI, ROR$R & 1A R R MRS FE[5] . B BB SR F AT W 2302 1) 22 ROBE 3 B = ) 9o
T 2 OB RRAE (] PR AR G &R, AL SCBERRAE 1 FRIA B8 1 -3 e s T, (ER A SR h6E
T+ EUE B ArA PR [6] -

Zr b BT AL AT Zr ORI R e A A U e 7 PR EFR) 1) L, AR SCEE T YOLOVS BRG] K /A
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2. YOLOV5 #£Z 4%

YOLOV5 W28 416 32 B — /N 2, Es &hi LK 1.

Backbone ##% 4 YOLOVS HI = THHMESEEU N 4, & B Focus £5#)F1 CSP £5 Ry 2H il 7RSI B Fr it
CSPDarknet #HATHRHERR IS, 53] 7 —HPEFRNRHIEZ BB L. TR, METIOIRIT =4
L, HB eI H T — b dmLs.

Neck #7375 YOLOv4 #i[E ) FPN + PANet Z5#4. FPN - Fhnse4sfEIR o, &AW Rt & A
JREE RSS2 75 BB IR REUT) =N B IE 2 S 70X — 30 0 TR IE & . 17 PANet W 2% ik
FHEE FEEFRHERL & A &, A Rh3e T 7 BbstaillERe. 54h, SPP 4k Fl T3 s 2 i)
AR SRR A, 1 PAN S5R NI 58 T 2 RBERHERI L& 88 77

Yolo Head /& YOLOVS5 [{143 2588 Rl [al 8%, K5 b — b5 BIRRRIE B 24 e CEU M IE R &, s
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Figure 1. YOLOV5 network structure
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Figure 2. MobileNet specific bneck structure
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MobileNetv3 7£ i FAC A LA EHERR 8T, 258 1 VL [TIIRBEA] 20 B AR v2 [8]H EA LR M 3
PR 22 2544, FE TN THER JINLE], ZALH] 7 B (squeeze block) F il Ek (excitation block)ZH k% -
MobileNetv3 [ £5 a7 1 FioR.

Table 1. Overall structure of MobileNetv3
%% 1. MobileNetv3 E{kLE#y

Input Operator Exp size #out SE NL S
2242 x 3 conv2d - 16 - HS 2
112% x 16 bneck, 3 x 3 16 16 - RE 1
112° x 16 bneck, 3 x 3 64 24 - RE 2
562 x 24 bneck, 3 x 3 72 24 - RE 1
562 x 24 bneck, 5 x 5 72 40 Y RE 2
282 x 40 bneck, 5 x 5 120 40 \ RE 1
282 x 40 bneck, 5 x 5 120 40 Y RE 1
282 x 40 bneck, 3 x 3 240 80 - HS 2
142 x 80 bneck, 3 x 3 200 80 - HS 1
142 x 80 bneck, 3 x 3 184 80 - HS 1
142 x 80 bneck, 3 x 3 184 80 - HS 1
142 x 80 bneck, 3 x 3 480 112 \ HS 1
142 x 112 bneck, 3 x 3 672 112 Y HS 1
142 x 112 bneck, 5 x 5 672 160 \ HS 2
7% x 160 bneck, 5 x 5 960 160 Y HS 1
7% x 160 bneck, 5 x 5 960 160 \ HS 1
7% x 160 conv2d 1 x 1 - 960 - HS 1
7% x 960 pool, 7 x 7 1
1% x 960 conv2d 1 x 1, NBN - 1280 - HS 1
1% x 1280 conv2d 1 x 1, NBN - k 1

F—HIRW TR, B SRR GEREZ B ST K block 4545 25 =5 NARE T 5%
ZEGE R THIBIE J5 B E R, VU S R B 105k 22 S5 AN R IR TE 2 . SE RN Z R T I TR 1N
NL 10 7 3% B B Al 2 (h-swish it RELU); s 483 T 484 block 45 BT K .

B o = AN RSO IS RIS AR AE /2 5 4 CSPDarknet53 (I JEAFAE R . [RINE, Ay 7 2 31 S B K 52
IPYERIERE RS, PR PANet 28 3 x 3 ARSI A 3 x 3IRFER 7 &M 1 x 1 KFE G, 2
k> T 24.95%.

3.2. NMS JERRAHPHI iz

JZ YOLOVS HEZEH ] CloU, xfT-HE 0, MR B X A B Edt AT HE T, K B AR
(R IEHE A F AR AR E o 3 R AR R R AE, THELEA ] SR AR HE R B Gl H A 10U, BIZZIFLE). ok
FEAMGIEHE 5 A E (1 58 B S5 T VO I BIE, PRI AE S B -

B IER| LRI ARG OL S, FAR AR R R IAE 19 B I ARBOR, MR, ] DloU
M NMS 55T 5BCE A E DL, DIoU-NMS AMIHEFERIFLLHIME, &7 58 T PINAHEA LS FAE 2
LG, a0 3 .
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Figure 3. Schematic diagram of DloU
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Figure 4. Flow chart of ore data set construction
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4.2. MBS E SER)IZ

S 7E Windows10 54 Fi#E4T, GPU A NVIDIA GeForce RTX 3060 Laptop, ‘@17 6G, Pytorch Ay
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Figure 5. Change curve of loss function value
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SETE 0.022 FE A, HEYIZGRIS B R IT.

4.3. VEhIeER

AT, MAEPAETesr 2 vEm T . A5, BEIEM FL 5%, e TR Bk n 4
RS . ABIREINATHERS, RS B R EEH TR, 1 FL 80e R B A E B2 S0P
YIME o ARSCUPASH8 bR 68 FE (AP) P X504 FE Y8 (mAP) DA R RS I i 25 (FPS) » fliT FFE b i) 58 ST -

TP+TN

Accuracy =
Y TP FN+FP1TN

Precision =

+FP

Recall =

TP +FN

Hrh TP (True Positive)#/R ILIER], TN (Ture Negative) %< B 614, FP (False Positive)# = fRIER], FN
(False Negative) &~ i 6l .
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Table 2. Comparison of the effect of common target detection algorithms

2. BERERENEEY R

AP%

S FETFM - MAP% I [A]/s FPS
Big Small
YOLOv4 CSPDarknet53 87.5 86.7 87.1 0.30 33.8
YOLOvA4-tiny CSPDarknet53 4.7 89.9 82.3 0.008 123.3
YOLOV5 CSPDarknet53 86.2 924 89.3 0.010 104.2
YOLOv5* Mobilenetv3 98.3 93.1 95.7 0.006 166.7

MEFAT UG, AT HAh =R, A SRR RN A SRR A A R B8R
Uf, mAP {E R LA 95.7%, 7EJE4h YOLOVS FIJEat I, Wik m 1 62.5, Al gk BA (s ek 7
ams, K/ FZEH0) AP ME5 B E T 12.1%H1 0.7%, mAP {HIRE T 6.4%. A CEIER L TH 1IL/E%E
TR PRIRS B DA R S . A 08925 YOLOVA, YOLOVS. YOLOVA-tiny 2933547 5% L ARSI 2 58 2 4]
6 Fr.

YOLOv4 YOLOvA4-tiny

small 0.96

big 0.97

small 0.9%

YOLOvV5 gk YOLOVS
Figure 6. Comparison of the effect of common target detection algorithms
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£, JR4G YOLOVS SR T B A ker RS BE A e A S8 e, (HANIRAFAE DR B IRA S oL 5 HAd 5
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