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Apple surface defect detection method based on DSCS-YOLO
ZHU Qi"* ,ZHOU Deqiang'"** ,SHENG Weifeng' ,ZUO Wenjuan',ZHU Jiahao'

(1.College of Mechanical Engineering, Jiangnan University, Wuxi 214122, China;
2.Jiangsu Key Laboratory of Advanced Food Manufacturing Equipment & Technology , Wuxi 214122, China)

Abstract ; [ Objectives ] Aiming at the low detection accuracy of apple surface defects in the process of non-destructive testing, an
apple surface defect detection method based on DSCS-YOLO was proposed. [ Methods ] Firstly, in order to improve the network’s
ability to extract detailed features of surface defects,a deep and shallow feature selection module DSCS based on Dense and SE
modules was designed. The C3 module in Backbone was replaced by DSCS,which strengthened the learning of important features and
weakened redundant features on the basis of retaining superficial information of surface defects. In order to solve the problem of
parameter coupling caused by excessive output information of Backbone and Neck,the Decoupled Head principle was used to make
hierarchical prediction of Head layer. At the same time, the ELU activation function was used to improve the original Decoupled
Head, simplify the terminal structure ,and make the network training easier. Finally,to solve the difficulty of labeling surface defects,
Wise-IoU loss function was used to replace CloU loss function,which provided nonlinear gain for labeling of different qualities and
realized dynamic focused learning of the network. [ Results] DSCS-YOLO improved the detection of small targets, and the mean
average precision of the apple surface defect test set reached 90.9% ,which was 4.5%,1.9% ,6.3% and 16.3% higher than that of
YOLOv3-tiny, YOLOv5s, YOLOX-s and SSD,respectively,showing the best detection effect. At the same time,the number of model
parameters was 9.54 M, and the inference time was only 2.8 ms. The detection speed was fast, which could meet the needs of
practical applications. [ Conclusions | The improved DSCS-YOLO improved the accuracy of YOLOvS5s algorithm and realized the
accurate identification of apple surface defects.

Keywords : apple ; surface defect;detection ;feature fusion ;dynamic focusing;loss function; YOLOvSs; attention mechanism
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Table 1 DSCS network structure comparison experiments

FH Model ZH3E/M  Parameters 1454 GFLOPs M/ % Precision BFER/% Recall SP-XAPRS BE Y (E/ % mAP

YOLOv5s 7.04 16.0 98.0 98.3 89.0
YOLOv5s+Dense 7.60 21.1 97.9 98.8 87.0
YOLOv5s+SE 7.05 16.0 97.8 98.8 88.2
YOLOv5s+DSCS 7.67 20.9 98.2 99.0 90.2

TE DSCS Ji sR & T, DSCS #E8tf DC( Dense CBS) Al SE A B ZH 5L, M Hf DC £ H 5 Dense
BEH ) 3232 XS AE T 300 R0 22 50 M IR HIE SiLU B4t ReLU XJ T DSCS F4 &% 5, 43 %11 5% H] DSCS
(ReLU) LA K DSCS #4758 . W2 2 FioR 2R H DSCS(ReLU ) fBEH#: 4 C3 AR, %5 1k mAP # YOLOvSs
$27t 0.8% , IEW] T DSCS(DC+SE) Z544 1) & #iM: . {HFE Backbone [ Bz R FH U 58 U0 PR 2 A T 4744
A SILU B0E PREAR L RE 1558 T ReLU B0 pRER, I HLA#ER T ReLU FEAERYSEIX A1, A, SR H] DSCS
B C3 BH A mAP ¢ YOLOvSs #2FF 1.2% , % DSCS(ReLU) #2785

F 2 DSCS #iE m#xd thikie

Table 2 DSCS activation function comparison experiments

7 Model ZHFE/M  Parameters 11553 GFLOPs K53/ % Precision {33/ % Recall  FEHEEEYIE/ % mAP
YOLOv5s 7.04 16.0 98.0 98.3 89.0
YOLOv5s+DSCS( ReLU) 7.67 20.9 97.9 98.9 89.8
YOLOv5s+DSCS 7.67 20.9 98.2 99.0 90.2

2.2 RIS

B3t Head 3543, 15 I ASEREL X RS . 403 3 iR . R A EDH X} YOLOvSs+DSCS 25 #4 #E47 ik
P mAP #2155 0.6% , 12K Fl EDH Xt YOLOvSs 25 #4347 oe itk JF R A4S 20 42 T X 485 780 285 44 43 M vl %00,
YOLOvSs M5 A i AL & KR EE B, SEGR A B XT3 55, >k A EDH #E47 iR Ak BEOCTA 1S 2 B 4r
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Table 3 The Decoupled Head comparison experiments

32l e SRt/ M T B4/ % A/ % PR A %
Order number Model Parameters GFLOPs Precision Recall mAP
1 YOLOv5s 7.04 16.0 98.0 98.3 89.0
2 1+EDH 8.91 26.2 98.2 98.6 89.0
3 YOLOv5s+DSCS 7.67 20.9 98.2 99.0 90.2
4 3+EDH 9.54 31.2 98.3 98.9 90.8

Hi T EDH 55 # 453k Decoupled Head (DH ) X BI7E FH0% BBUR A, FLUIRE |38 % 3 455, YOLOVSs+
DSCS K4 B HHE G PS4 YOLOVSs 38, I H] YOLOvSs+DSCS 754 Baseline #47 A [ 34035 s
IR ZE RN 4 Fros . i T )5 DH IR SiLU 30 Rk i i 5 BOR I I ZR R X, BN 48 mAP 5
Baseline T [%2.2% , 1>k ReLU #47% BREL Decoupled head (RDH) BARREML AL 25 I 25, (H Hi FHBE X
(AL 3 mAP FRE 1.5%., 1T ELU BREUE SiLU #i80 , H R BALAL T i, R STEEMZ TR TR S
T 28 AR I, IFE mAP 32585 0.6% .

T4 BT H R

Table 4 Comparison experiments of decoupled head’s activation function

J¥5) R SR/ P R/ % A% RS BEISE %
Order number Model Parameters GFLOPs Precision Recall mAP
1 YOLOv5s+DSCS ( Baseline ) 7.67 20.9 98.2 99.0 90.2
2 1+DH 9.54 31.2 98.6 99.1 88.0
3 1+RDH 9.54 31.2 99.0 99.1 88.7
4 1+EDH 9.54 31.2 98.3 98.9 90.8

2.3 Wise-IoU #5752tk 38

WHER 5,1 Wise-ToU TR IREHIE Wise-ToU X 44~ Mt BEE (520, Wise-loU it S48 5 o
AN AR I HE S AR e 1 45, (H 6 55 o ZBURIE T M8 454, X80 3K1% 6=3.0 5 a=2.2 i}, ik
55551 8 A BRI , mAP BRI Wise-ToU (551 7) #5 0.1% ., [FIEHRFAMFEG 6 5 o #4735,
JPH1 2.4 B mAP 3750 1.3 58T 0.4% 1%, BT 6 mAP KT FRE0.1%., 43 B I 25 4546 LA I
Wise-loU ZHCGE I AT A1, T YOLOvSs+DSCS AHXS T HAh [ 4811 5, ok 215 8 i K H B il Sk ik
T3 A i S E D T B D SRR, B BIR EAE Y B R B I S B 2 3G K IR iR §=3.0 TLik
A A PR T AE PR ) 1 25 AT BOR BE A BT T R, BB 7 AT BT R 8 (A RE M YOLOvSs +
DSCS A5 S 2427t

R 5 Wise-IoU i ptik3&

Table 5 Wise-IoU ablation experiments

51 o SRR R W% BEE%  FHRESED%
Order number Model Parameters GFLOPs Precision Recall mAP
1 YOLOv5s 7.04 16.0 98.0 98.3 89.0
2 1+Wise-loU 7.04 16.0 98.0 98.4 89.4
3 YOLOv5s+EDH 8.91 26.2 98.2 98.6 89.0
4 3+Wise-loU 8.91 26.2 98.4 98.9 90.0
5 YOLOv5s+DSCS 7.67 20.9 98.2 99.0 90.2
6 5+Wise-loU 7.67 20.9 97.9 98.3 90.1
7 YOLOv5s+DSCS+EDH 9.54 31.2 98.9 99.2 90.8
8 7+Wise-loU 9.54 31.2 98.5 99.1 90.9

AR 5 455 HIE Wise-IoU H1' 8 2% YOLOv5s+DSCS 454 i 5% i, %311 [A] 8 {H ) Wise-ToU
XF HEIR S, I AT Wise-ToU 1885 e ml 0, T X148 A it 1 0 sh 5 K A 45,6 AR R G AEL I R T R 4%
A I A NS PG a=2.2, B2 08 § R/ANF M. WK 6 rTIL: X 6=3.2 i},
mAP 15T AR INA Wise-IoU B 0.2% , 550E T Wise-loU X F YOLOvSs+DSCS [RIFEE A iE I E,
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% 6 Wise-IoU S#31F YOLOvSs+DSCS # MR i&
Table 6 Experiments for effects of Wise-IoU parameters on YOLOv5s+DSCS

J¥ 31l HERl SR /M RGN 4/ % B/ % IR B %
Order number Model Parameters GFLOPs Precision Recall mAP
1 YOLOv5s+DSCS( Baseline ) 7.67 20.9 98.2 99.0 90.2
2 1+Wise-loU(8=3.0) 7.67 20.9 97.9 98.3 90.1
3 1+Wise-IoU(8=3.1) 7.67 20.9 98.2 98.8 89.2
4 1+Wise-IoU(6=3.2) 7.67 20.9 98.7 98.1 90.4
5 1+Wise-IoU(6=3.3) 7.67 20.9 98.4 98.2 89.7

X b Wise-ToU %5 HoAth 45 2% s A9 /E T, 76 YOLOvSs +DSCS+EDH &4l 143 51 %5 i SloU , DIoU |
AlphaloU  Wise-loU #EATX} HLik5e . 413k 7 7R . @ Wise-ToU [ mAP $2F+ 0.1% ,DloU K45 E|#2 7+, SloU
LI K AlphaloU JZIfi R % 0.9% 1 0.2% , iRFGUERH , Wise-ToU SZE AN [7] I it O AE SR AEAS ) il Al e 18 25
—ERREE TG T BRI iR 257 AR BYSE IR, X T 52 2 22748 (0 S SR B B8 A A — o i M

F7 ANERKEHI L]

Table 7 Comparison experiments of different loss functions

gl i ZHE/M RN KSR/ % 113/ % V- RN B %
Order number Model Parameters GFLOPs Precision Recall mAP
1 YOLOv5s+DSCS+EDH 9.54 31.2 98.9 99.2 90.8
2 1+SloU 9.54 31.2 98.6 98.7 89.9
3 1+DIoU 9.54 31.2 98.4 99.0 90.8
4 1+AlphaloU 9.54 31.2 97.3 97.8 90.6
5 1+Wise-loU 9.54 31.2 98.5 99.1 90.9

2.4 YOLOv5s il atidie
LR G RE VEH], HEAT T — RINTH RS . R 8 T UL B SEEEXT YOLOvSs W28 254 %
FRARAE BRI, R H] DSCS ##t Backbone 1 C3 B8 i mAP $275 1.2% ., {HES I DSCS #He Head
S IABE Bt T4 6, NI E 7 AR i S0 5 LR, IR A A ELU 3005 e 800 i #5 EDH
XA i B HOHA T RS, JE— 2P0 mAP 3215 0.6%, )5 R Wise-loU SZBLMZK I B R 55~ it 1 h
TR 221 B I | e S SRR T BRSEREIN mAP 355 90.9% , 8 YOLOvSs 27+ 1.9% .,
#8 HENRE

Table 8 Ablation experiments

A ZHE/M o KEH/ % 113/ % S-S5 BE YR %o
Model Parameters GFLOPs Precision Recall mAP
YOLOv5s 7.04 16.0 98.0 98.3 89.0
YOLOv5s+DSCS 7.67 20.9 98.2 99.0 90.2
YOLOv5s+DSCS+EDH 9.54 31.2 98.9 99.2 90.8
YOLOv5s+DSCS+EDH+Wise-IoU ( DSCS-YOLO) 9.54 31.2 98.5 99.1 90.9

2.5 S5FXREFEREMEER FITITEE
SR FH [ — 3 55 2 1T 350 7 5000 S AN () B B D 2 A 80 A 7 D 25, P 000 UE 4 I e fIE 485 SR bl i 4 3
A i 45 R A0 9 s . DSCS-YOLO 5 33 2R ik [ A I Y mAP 35 %] 90.9% , A4 T YOLOv3-tiny
YOLOv5s.YOLOX-s DA & SSD 709325 1 4.5% . 1.9% .6.3% 16.3% . Hrf SSD X5 fe (i H S50 L Mz
SR, TG Y DSCS-YOLO {UAERG /b s SHCR R S LT, A3 B4R 1% mAP, DSCS-YOLO H
Tk IR HEHA ] 2.8 ms, 05 YOLOvSs B4 1.1 ms , {HEVA_EATSSR BB 2 Shr i TR
®9 TEBEILIXE

Table 9 Comparison experiments with different models

in SRt/ M A SRS RS % BT PRI [/ ms
Model Parameters GFLOPs mAP Inference time
YOLOv3-tiny 8.69 13.0 86.4 1.5
YOLOv5s 7.04 16.0 89.0 1.7
YOLOX-s 8.94 26.8 84.6 53
SSD 25.42 88.5 74.6 20.8

DSCS-YOLO 9.54 31.2 90.9 2.8
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Fig. 9 Comparison of detection results of apple surface defects
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Fig. 10 Training mAP curve of different models
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