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Abstract A defect detection model based on improved YOLOv7-tiny is proposed herein to address the problem of
different detection methods for different defects on apple surface. Combined with RGB-+ NIR multispectral images
collected by a camera, various defects on the apple surface are detected and classified. First, to extract more effective
feature information and improve the ability to locate defects, coordinate attention (CA) is used to aggregate coordinate
information in the backbone network, and a contextual transformer (CoT) module is added behind the backbone network to
increase the global receptive field. Second, it is combined with the weighted bidirectional feature pyramid to adjust the
proportion of each branch in the structure to enhance the feature fusion ability of efficient layer aggregation networks.
Finally, the loss function is replaced by Focal-EloU loss to solve the problem of unbalanced samples. The mean average
precision (mAP) @0. 5 of the improved network increases by 1. 2 percentage points to 93. 2%, and the recognition speed is
89. 3 frames/s. The research content of this paper provides a more efficient method for apple surface defect detection and a
more accurate basis for apple grading.
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Fig. 3 Improved YOLOv7-tiny network structure
CxH=W Y
HxWxC
| X Avg Pool C><H><1] | Y Avg Pool ICxle] TWsC
HxWx(kxkxC,
| Concat+Conv2d | Cfrx 1x(H+W)] xW(kxkxC,)
| BatchNorm+Non-Linear | Clrx1x(H+W) ]
v v HxWxC
| Conv2d CxHx1 ] | Conv2d | CXIXW]
V: 1=1
query value map
| Sigmoid | CxHx1 ] | Sigmoid | Cxle]
HxWxC
) 4 X
CxHxW El5 CoT sty
Fig. 5 CoT module structure
B4 CARBLHLZEHY
A:[K17Q:IW0W§’ (2)

Fig. 4 CA module structure

T Transformer i 42 Ja) 28 B AL, A 20852 B 0] DLl
UM NS EUNE RES - kIR LIS Y R N & T )
4 JRy MO oG R AR B RS B 00 B AR 4 B S B
CoT BEH G5 W] 5 Fr 7w , % T A K/ HX WX C
B AR AIE A B X, X LR A R A e G 4 L A5 B 4 K A
o EHV, AN

K=X
o=x (D
V=XWw,

Ao Wy X VIR R B R . SRR il
FR/N D 3 1 4 B X K 347 4 FRARAE 153 2 S i Jy
PR AR T 0 B A R 3OS B B AR A K ] K A
QW BITER A, TR A N

AR R G ERAE W, R WO BN 1T B B R
B BT TS B0 04 1 B 0 R R A RITE 2o R E R A5
FIH VA TR s A R SCRHE 32 B YRR AE B
S K, PR ARX N
K,=V®A, (3)
Ao (0 FRIR R B AR WA 108 0 . IR 2 i Y o
B ETXERRKME LT LERRK WA CoT
R —Fln LS 4 & R 4R AT B R S BRI A R 15 R
() [ R T2 I B 78 SPPCSPC JEin A% B, 18
AR SAE 38 58 /0 2 B 1 () I X 4 Jag R F AT 3 B [
AP AR I — 5 BB SCAR L (SRR AE 4 BRCRE I 75 21 o
YOLOv7-tiny $f YOLOV7 H B9 5 & 5 50 B 4 ™
2 (E-ELAN)HS il 8 ELAN, LUl A2 B AR 0 R/ 42

1012003-4



o P R A TR o B AR 5 AR T LT R UE 3R R
T B R AR A R B R o A R (H R 4 R
JZ2 Z AR 7 G A PR R AR B L T A
U £ S8 I ASORL ) S AIF 42 735 W 45 (Bi-FPN) ' i) SEAH
X ELAN e o (1 4 A 43 3288 B g 47 AL 56 1 4
YE, A sh 43 BUACEE , $12 0 455 e 10 8 F $12 BRURE g Aokt 4 )
FRAE (50 B8 97, 15 2 (0 B Hedy 4 8 Bi-ELAN, Ji
1 ELAN A Bi-ELAN 9 45449 an 141 6 fir s, BIFEELAN #%
JR I ELAN 1) Concat 20 BE#:/E 4 -y T Bi-Concat
JInAL G B

-
d
o4

*

K6 ELANAMBI-ELANZE#) . (a)ELAN; (b)Bi-ELAN
Fig. 6 ELAN and Bi-ELAN structures. (a) ELAN;
(b) BI-ELAN

YOLOv7-tiny #RiAfifi 76 238 I L (CloU ) PE R ik
SRHE [ T (R 453 2% pR B, CToU % 18 17 B i A Hhocs I B
FARE LE , (H AR L AS BB 2 e S B 1 i 46 22 5, A ol
303 A [] U1 f 53 % mR R Ay AT DA S S B i 4 22 R
B 1 3 A8 9 He (EToU)™ . EloU #41 2% R B0 AY 1154 28
W

“(b, %)
L= L+ La+ Lasp =1—R+ £

(w ) +(h)
pz(w,‘w"‘) o’ (h, /f‘) (4)
(w ) (ne)y

A Loy WE BRI Lo WEEEHIK Lo, A%
fe A0 K 5 6w R a3 AR TR AR B9 v AR B L TE
1R 5 % w2 4y AR R L SEHE Y G s AR AR L SE
fe 5w R AR B TIOI AE A L S AE f /N M 45 AR E 1
Vi B R 151 B 5 0 (o) 3R 705 BTGB 8 5 R o Sy T AT T L 52
HE B9 22 IF b o oAb, 320 FAE A1 U9 380 A7 7 3 1y Jo d i AE
A 5T it 4 HE A 2 7 (19 7] 8, Focal-EToU 45 2k fff ]

Focal 6 2 fif iz a) i, 15524 508
Loca-ero0 = Riou” Liou s (5)
Aoy RS FEEMGRENS R BRIk,
Focal-EToU 45t J& ¥4 8 HE 1) 58 A1 &g 43 F 1155, [ B ]
Focal 5 2 8 35 XE 5 FE AR, A7 Bl T 4 T Uc SICA¢ 33 2 0[]

F 6155 108/2024 £5 B/BAEXBEFZHE
VST FRRE B [R) AT LA R R A 174 2R R Jo i

3 BN

3.1 XRREBESSHME

JUT B8 B8 0 1 R e i T R 1) R R 2 ) HE 4R
PyTorch A J31.7.1, CUDA JiiA A 11. 0, #:4E R 4t
Ji A< 24 Ubuntu 20.04.4 LTS, GPU ) NVIDA
GeForce RTX 3090, 52 46 {# JH W& HL &6 B T % ¥
(SGD)VE R 1t Ak 78 X 4t 28 1 2% A7 A4k, Bl 25 it
T, WiR¥ I REE H0.01,SGD s iS55 KRN
0. 937, FUE = 18 S %% 4 0. 0005,
3.2 iEMriEdR

Sy S R L (= v o i i T 1 N 1 B
S5 FIE AT 28 50 A0 3 00 S 2 E B SR B m AP AR R A A AT
DA I T 5 1 A S | i AR AR S B IN AT
FH 2 80 (Params) | e WERERL ) 1155 8 (1 7% 02
BA(FLOPs), mAPBiHE AR K

1 4
PmAI’:Z;P:’—\Pi’ (6)

A R R I 28 885 P e o B SEGF 4 TR IR B
HAr & 5 B IoU N 0.5 B ) mAP i 1E
mAP@0. 5,
3.3 AEBEGEERIE X

G Xk 9 b PR A% 8 T AS ) A A R A5 Y 43 Sk AN fifi P
3188 RGB EM4H YOLOvV7-tiny (RGB) A& B A fi Fi
PA5E T NIR K% 9 YOLOv7-tiny (NIR) #5 5fii F] 4
I8 A A YOLOvV7-tiny (RGB-NIR ) 48 B L & 24 iF
J5 B9 YOLOvV7-tiny (RGB-NIR) B8 5 | 7 [] 455 71 fi4 4%
5 AP A K mAP@O. 5 %F b & ¢ 1775 o DA S 56 4%
HAT LU YU B RGB BIG 17 Bl [ A6 00 1), A
AL bruise 1Y P Y R5 FE B AR, O 89.4%, HE AL f8
NIR BB AL 9. 0 A 43 44 ; AL A NIR K4 i
A7 K 0 B A5 780 X5 defect A rust (4 - S48 B2 B4, 43 51
R 7159 A1 15 4% , 3 i B AL ] RGB KR B A5 Y
ik 21.3 & 2r 5 A1 53. 1 A 43 & ; YOLOv7-tiny (RGB-
NIR ) #E T X} defect \bruise . stab (19 3 347 46 T 4 B 42 T,
XF stem | calyx . rust F9 P 24 46 0 A% B2 A 9 R AL IH 2
PR % 22 ) 72 A T — 5 B RS 5 ROt S B T R
T WY TR A [ B A R TR IR B B X
bruise [ - 2k 00K B2 PR 45 55 B I 28 40 3T 22 A0 % H: A
J5 ) 19 1 359 G I A AR AR B T 4R T, A L YOLOv7-
tiny (RGB-NIR) , X} stem [ PR MRS B4 = 2. 1 &
G 35, 6 calyx [ SF- 359 K RS BE 2 5 0.5 B 4 a5, X
defect [ 3 2 K6 I RS B H2 =5 1. 2 @ 4 5., % stab A9 P
o3GRS B 4 85 0. 2 8 43 4, KT rust (9 1 146 I RS 2
PR 3.4 E A 86 T A 28 00 7 4 A kG B 4R T
L2 A4y Mo BRI UL, ol i 5 A9 B39 nT LA e b A
i RGB A NIR P #5145 (4 il g 28 88, 3K 3 B A 1Y
LRIk

1012003-5



AR RS i %13 [m] 32 (P-R) T Ze 4T b an (<] 7 B
7, AT LR B A NIR B8 0 P-R M 278 & B 1 , i
T3] AR RR R 2 YOLOV7-tiny(NIR) . YOLOV7-tiny

F 6155 108/2024 £5 B/BAEXBEFZHE

(RGB) . YOLOV7-tiny (RGB-NIR) . improved YOLOv7-
tiny (RGB-NIR) . 20 #E 55 v 19 P-R 1 25 H Al il 8 £
LR WO IS S P A BE AR B TR

1 TR - 2R BE XS L

Table 1 Comparison of average accuracy of different models

AP /% mAP@
Model
stem calyx defect bruise stab rust 0.5/%
YOLOvV7-tiny (RGB) 97.1 99.8 92.8 89.4 94.1 68.5 90. 3
YOLOv7-tiny (NIR) 97.3 96.7 71.5 98.4 95.1 15.4 79.1
YOLOvV7-tiny (RGB-NIR) 96.0 99.2 93.3 98.5 97.2 67.7 92.0
Improved YOLOv7-tiny (RGB-NIR) 98.1 99.7 94.5 98.4 97.4 71.1 93.2
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Fig. 7 Comparison of P-R curves of different models
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Fig. 8 Detection results of the improved algorithm
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Fig. 9 Comparison of detection results before and after model improvement. (a)-(e) Original YOLOv7-tiny” detection results;
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Table 2 Results of ablation experiment

Experiment No. CA CoT Bi-ELAN Focal-EIoU  mAP@O0.5 /% Params /10° FLOPs /10’
1 92.0 6.03 13.28
2 N 92.4 6.04 13.32
3 N 92.9 6.61 13.74
4 NG 92.6 6.03 13.28
5 NG 92.7 6.03 13.28
6 N NG N 92.9 6. 04 13. 32
7 NG NG NG 93.1 6.61 13.74
8 NG NG N NG 93.2 6.62 13.78
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P 40 0 25 450X N AR B S, mAP@O. SRR T 0.3 |
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10°, %% R e 39 0 7 0.59 X 10°, 3+ 8 i 13. 78X
10°, 8¢ R BB N T 0.5X10°, mAP@0. 5 M 92.0%
PETEN93.2% . ERRUL, BT IR S B AE RN T
bESHREMITERENEL T B& T BEMN
mAP@0. 5,
3.5 AEHEHEKRNE LRI

by it — 2 X HO R R R E AR R AR 4 A
Faster-RCNN™" | Swin-Transformer®’ ( 3 T Mask-
RCNN) . YOLOv3™  YOLOv5s.YOLOv7-tiny } i 4
FLTE RGB-NIR 26 45 L4750 50, S A0y 438 18

FG, a8 I ZR 5 8 30K I 25 epoch % & Sk 200, £
WA XT 6 Fp B BB AT PE RE VA, , HOF K S8 .
VIR KGN B AR AR AN 26 3 TR o AR ¥R 3T
P2 L M mAP@O. 5 fx L I B B B bR R A Tk
Faster-RCNN ) mAP@0. 55 ; 3 T Mask-RCNN
Swin-Transformer f #& # % T Fasterr RCNN 7 mAP
FERETET 14 E S A A SR R A RS B0
W BE AR T 0. 2 frame/s; BB BC A YOLO &R A1 Ak
FER I G B A R AIPEH, YOLOV3 Hl YOLOVSs )
mAP@O. 5% FAHIE 2 YOLOV3 J§ K (24t fit i
S E L YOLOvVSs i T 42.9 frame/s;
YOLOVS5s il YOLOv7-tiny 78 2 B i flis 5B & i,
YOLOv7-tiny i mAP@O0. 5 b YOLOV5s (7 1. 5 H 4
SR I B B B YOLOVSs 5 4.5 frame/s; Improved
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Table 3 Performance comparison of different models

Model mAP@0.5 /% Params /10° FLOPs /10’ Speed /(frame+s ")
Faster-RCNN 83.7 41.15 91.35 6.0
Swin-Transformer 85.1 44.77 92.04 5.8
YOLOvV3 89.5 61.55 155.58 61.3
YOLOV5s 90. 5 7.04 16. 22 104. 2
YOLOV7-tiny (baseline) 92.0 6.03 13. 28 108. 7
Improved YOLOv7-tiny 93.2 6.62 13.78 89.3
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