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Application of Image Enhancement Technology Based on EnlightenGAN
in Apple Detection in Natural Scenes

SONG Huaibo'®  YANG Hanru'? SU Xiaowei'> ZHOU Yuhong'? GAO Xinyi'?
SHANG Yuying'®> ZHANG Shujin'"?
(1. College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China
2. Key Laboratory of Agricultural Internet of Things, Ministry of Agriculture and Rural Affairs, Yangling, Shaanxi 712100, China)

Abstract; Under natural light conditions, the presence of shadows reduced the accurate perception ability
of apple harvesting robot towards apple targets, leading to low picking efficiency. Therefore, an
EnlightenGAN algorithm for image enhancement was proposed, which effectively improved the accuracy of
shadow removal and apple object detection. This algorithm first obtained a self-regularized attention map
through image lighting standardization to achieve image shadow detection. Next, an attention-guided U —
Net was used as the backbone network of the generator to obtain the enhanced image. Then, the
information before and after enhancement was compared using a global-local discriminator, and image
enhancement was ultimately achieved in the confrontation between the generator and discriminator. To
further evaluate the effectiveness of the proposed method, EnlightenGAN, Zero _ DCE, Adaptive _
GAMMA , and RUAS algorithms were tested on the publicly available MinneApple dataset. Compared
with Zero_DCE, Adaptive_ GAMMA, and RUAS algorithms, the MSE of EnlightenGAN algorithm was
decreased by 19.21% , 59.47% , and 67.42% , respectively, while the PSNR was increased by
6.26% , 34.55% , and 47.27% , respectively. The SSIM was increased by 2.99% , 23.21% , and
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68.29% , respectively. The detection P of EnlightenGAN algorithm before and after enhancement were
97.38% and 98.37% , respectively, with R of 74.74% and 91.37% . The F1 score were 84% and
94% , respectively. The precision, recall, and F1 score were improved by 1.02% , 22.25% , and

11.90% ,

respectively. In order to verify the effectiveness of the model, different datasets were tested,

and the results showed that the target detection precision, recall and F1 score after the enhancement of

the EnlightenGAN algorithm were improved compared with the non enhanced algorithm, Zero_DCE,
Adaptive_GAMMA and RUAS algorithms. All results indicated that the proposed method can effectively

improve the detection precision under uneven lighting conditions and provide reference for the visual

system of apple harvesting robot.

Key words: apple; object detection; image enhancement; shadow removal; EnlightenGAN; YOLO v5m
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Tab.2 Comparison results of four image
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Fig.7 Box plots of image quality evaluation indicators
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Tab.3 Comparison of YOLO v5m target detection accuracy

YOLO vSm B #x4& i

before and after image enhancement in three datasets
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BEE Bk P R F1 i
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BHi4E 2 Zero_DCE 97.83 79.24 87
Adaptive_GAMMA ~ 98. 11 76. 80 85
RUAS 98. 09 68.61 80
None 99. 05 74.31 84
EnlightenGAN 99.33 88.28 23
B4 3 Zero_DCE 98. 10 72.37 83
Adaptive_GAMMA 98. 67 81.73 89
RUAS 100 28.43 43
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Fig.8 Bar line graph of object detection indicators (Dataset 1)
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Fig.9 Stacked bar chart of object detection indicators ( Dataset 1)
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Tab.4 Comparison of YOLO v5m target detection accuracy by different image enhancement algorithms in

different environments %
. S BE A /' BR AR 5 M5/ 5% 5 i B B /3 HE TS B S
P R F1 {8 P R F1 {8 P R F1 {& P R F1 {8
96.08/ 79,38/ 86/ 96.40/  76.59/ 85/ 97.76/ 76.34/ 85/ 97.15/ 70.18/ 80/
None
98.69  70.09 81 98.37  72.88 83 97.01 73.13 82 97.62  79.29 87
97.98/ 93.69/ 96/ 98.11/ 93.10/ 95/ 98.14/ 92.86/ 95/ 98.27/ 89.46/ 93/
EnlightenGAN - = = - = - = = - = =
98.76  89.06 93 98.64  89.65 94 98.60  89.89 94 98.48  93.29 96
92.98/ 88.01/ 90/ 9443, 87.47/ 91/ 9350, 88.82/ 91/ 9307, 88.51/ 90/
Zero_DCE
94.84  90.20 92 93.39  90.74 92 94.32  89.39 92 94.75  89.70 92
95.03/ 74.93/ 83/ 94.89/ 78.46/ 86/ 9.12/ 77.71/ 86/ 95.92/ 176.31/ 85/
Adaptive_GAMMA
7.06  81.58 88 97.19  78.06 86 95.96  78.74 86 96.16  80.21 87
S 95.36/ 71.12/ 81/ 96.60/ 70.07/ 81/ 96.16/ 74.57/ 84/ 96.26/ 68.62/ 79/
RUAS
97.96  72.74 83 96.71  73.79 83 97.16  69.29 80 97.06  75.24 84

EnlightenGAN J3.92: (1) K5 i % F1 {8 35 S 08, Bk AR
BB 0.27% .1.85% , EnlightenGAN i & [a] %
WAk 89.65% , Zero _ DCE [ # [nl % 5 i Ny
90.74% o TEA R EERE AL E T, % T 3T B 41148 A0
&, EnlightenGAN RS 1 56 . A [0l %8 F1 {5 B & 1k,
R B 4T 0.40% 4.55% 4.07% , % F it i
IS RS, EnlightenGAN (85 1 % . 3 7 3% F1
HE &R, BRI E LR 1.49% . 0.56% .
2.31% o FEARNTR L SAG T, %k 3 F 92550 10 7 B 1Y)
1%, EnlightenGAN (¥ 8 i 5 4 [l 5 F1 {5 ¥ fix
e, R B AR 1. 15% . 1.07% 3.01% , % T4
T A AN ER, EnlightenGAN FRPRT % 4 1] 4% |
FI A 3y 85 0, B 0 5 2 32 & 0.89% . 4.00% |
3.98% ., LEERE ELBMEE LT, EnlightenGAN
8 B AR R T SR S ARG RS B A4 T IR RN
HC il 154 58 R R

PN X a =

- T 9

¥ i

- | TappIel000

==

(CYRELTS - a= L (b) BfRECR/IETRE R

YOLO v5m B33 A6 I 38 5 317 J 377 5 A4 1) 8 2
WE 10 fir s, B I AE B R A5 B 4k 2 A K
I FVEAF L . “apple” s K Sy 37 2R, B0 )
Sh R I A R LR I ) B AR A I AE Iy
IR, 5 PR RG 00 45 SR FL 498 8 PR ARG T e SR
FETE, A& 10a ,10b fF s, 78 352 5% B AR 50 5 0 At
o S AR AR 8 B A TR 4T . K 10c R A
(5 5 H bR K 2 b TRt 5 7 A g B 5 i, 1S 58
FIZ B 10d Aok I 1) i 39 21 B bR A8 i 3 2, Bt
W44 EnlightenGAN 533 F T F RO IR St el 2R 5K
PG 3G ik 0 R AT R A 80 1207 ¥ 6 SR S8 H An A
TV BB 1 1 s R
2.2.4  RIFEECE SR H ARG I 45

K4 EnlightenGAN 3 5 B 7% 76 K [5) 8040 46
A R BT B 4R 2 RUEHE 4R 3 AT I
FOAb Ty 2 R ECHE 45 1, BIGE 5 YOLO vSm H bRk

o L 5
(¢) BfREEZRA

10 YOLO v5m i iU A A6 9 45 S
Fig. 10 YOLO v5m test set detection results
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Tab.5 Comparison of YOLO v5m target detection

accuracy of different image enhancement algorithms

in different datasets %
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