54354 45 51 2
20244 9 H

ok ok R o R

Journal of Huazhong Agricultural University

Vol.43 No.5
Sep. 2024,1~9

ATTE R, ThREHE 45 R R S R #5221 Y OLOvSn 7 ] S SRAG I 75 12 [T AE v el R 242441, 2024 ,43(5) : 1-9.

DOI:10.13300/j.cnki.hnlkxb.2024.05.001

S B G 1EE TR FESIH YOLOVSN
& EZER @M &
AT REE T T ER D A, KA

1,343 Tk K 5 R TARBF R R, K 430068; 2. 31 b 4 RAE &% fe e TR R R T o, KX 430068

TEE  EPXTRR 5 R AU SR SR 22 4 ) i — Rl A G 3G 5 AT B~ 2T B9 YOLOv8n
PRIA)SE SR 7 v: o 14, 78 YOLOVSn RStk A Zero-DCE BB 08 35 137 ] PRI 45, T T35 T s 522 390392 SR 0 5 B A 240
5, WA 171 3 50 PRI 0 SR B T2 5 GV, 8 ] SPD-Conv $EAT T SRAE , S8R AR 410k R AF A 42 UBE I 5 7E M
Bt b, 07 TR S SR A SRR AR /D Y ) B, R IR RS 24 S YIS, e U A SESR 200 19 MS COCO Bidia Ak
g PR £ |, X TR e 3 R B B AR AR 4 , FUH Zero-DCE S8 H: 55 1 18] 36 52 5 (4 AR B3 I 76 TR s R
T G0E B ARSI R . BT IR AR B R BRI A kAT T, A AR R BT R U5 TR R BT RG A
PJ397.0% A 813 R 2y 93.4% V-4 B Y {H mAP@0.5: 0.95 4 74.6 % , # YOLOv8n J5 IR AT 43 51|32 T} 2.3
1.9 R0 4.3 F 43 15, [l HZ0A8 0 fy 4 B3 o 22 WT/s, AT DL 2 ST PR K L I Rl R W, RGO 5 1T R 2
I EEA T A AR R A R S A S R =2 R . B 9E R, Gl IS SR A AR PR s GRS SR AL
IR 2502 TR I T HL JEL A AR R e I s O, FLA R A ik

X7
FESES TP391.4 NERFRISED A

R ek R SE R A 7 |, 2021 4F 77 i ik
# 4 597.34 77 t, HHE Bk AR 54.7 %61 L R
] S 7l R A AN ) R R T R R AR
A& RE A MY 245 £ B T SR R i KB B R 4
XSS AR LA AN B B X R S R i
AR SR R R ST S P Bk
SEREVER . AT, KA R A ML 28 5 W 47 15 45 4T
JE N RAE N, ange A H A [ 17 2 LRV, 4 = 4
KITAERCR A ST e sh e = lb i & e

W) IREE T YRR 55, R AR B EUSAETERE IR SR
ISP 2 ) RS () o el e 1 1 SRS
SN 0 SLHE— 25 T R 0 R o U 4 [ S
HIEAPERE LSS . Tk, — e A TR
5 Kb B 1 T 3 X R SR SR I #E 4T TR R . Font
SR RN TG TR R 5 A A 1Y RGB B[4, I3
A 0 4 2 % 1 A BRI S S U (R R A T R A TR i
IR B BOR 250 149 ; i i 22 450008 R-G (8,

Wik H 4. 2023-12-01

SEWL BEIAIRIN 5 PG B4 5 i F522 2] 5 YOLOVS
XEHS  1000-2421(2024)05-0001-09

2250 FE T3 SR LR ARSI, 32 07 7R
TE R UF WY S5 T R A TE A 25 B S R 1%
FE PSSR Z A ETH T, IEAR 3k 83.7 %60 s i
UGl B 7 7 5 I 1 A R R 7 1) e T =R
P T S 3 1 BA S R RO Y ), I i R 2
i A6 AT gamma 55 1 1 — 25 % G SG % L i%0 TA RE A
[Fi] B o IR A2 ] B 455 R ] 2, 2 9 2R 08 UM it %o
SESR AR BT R 8706 Bl TR 2 T H R K
J&, LLYOLOM AR & i B ARG 383232 I T
P A SRS . BB R 5 25 A % DenseNet ™ ) |,
R YOLOV3, ¥4 5 11888 75 7% (0] 52 2% PR 45 rh A
T AR P AR M e RSB R R 2] 97.67 Y0  HIZ T
XoF 5 G SR I RIOR R AR, A S % 4 2 BHARIR
A —ABhr. PNEES T 2R A
B RS, T YOLOvVA X7 8] [ AR FREE T A2 i
A8 PEA TR 5 FAE BB A, o 5% Ry 95.3 %6, 1
A BRI T OC IR R G et sk S ] ]

FeATH B S B AR E (2023DJC08S) ; WAL A AR MLk £ # M AU O H A N A &0 H (HBSNY T202208)

A%, E-mail : tzhaomao@163.com
WAGVER « BRI, E-mail : cxh@hbut.edu.cn



2 LS N AN S o ¢

543 3%

YOLOVS 5 I 74 8] PR35 A 1) i, AH R T 3 0k 19
RER BRI ARS S5 R FFE5RE, B
S RS i DA Ry PRI ME o B A AR SR RN
ZIRPRIRETLR,

25 LTIk, % Gt G AL B 7 1 e 7% ) S5 S A )
P55 A AF ARG BEAIG 0 08 3 P P 2 4 Ry R A, e
DI 2 SEBRAE L 220K, 3 TIRE S S 0y ik A i
R (BN S N S = 2 TS R IS PN i
DIAEE A SRS, Z 00 1T [ R BE A RR ik | 5 BOm T
T GEPY G RN R o i A T e AR K
£, [R] B0 43 iF 5% 340 3k B AR T 713 4 B 6 R &R 52
PRAN MG AN B ILAMBL A R R 24 2 R
[ R E N B TR AN I i B 12 I o oG o T P
AR EEH T —FE G EG R 5T =T B YO-
LOv8n [ 7 [A] S A 771, DA HA 52 B0 X) 74 (1] 3 4
) R ST BRSBTS SRR A AL B N S A G
ML LS8 5 1 4 R TAERCE
1 MREAE
1.1 HiEE

A FTH MS COCO 1 I 5 42174 Sy 5 48 50
P, Horh 4 2 80N Y 118 287 M RM% , S 512 1
HSEGIA 50 5 776 4 o HARIBEE R A 2019 4231
PR PR3 3 2R 5 K 4 (https://www.agrida-
ta.cn/data. html#/datadetail ?id=289878) , % 32 £
FEREEPR RN Vil = o A = B K A 11 N g

A B 2
A JRE Original ; B : Bi%% Flipped ; C : R B8] Gaussian blur; D : HlE: 4 Salt- pepper noise.

a2 e AL AR, b S i R A
AT A % 273 0 B Fa s TR g
P 7 B S 2 ) o A 48 R AR R )1 R 7 A R
137 SR EAR AT R B, DS T o i, i RS L ]
PLeE SRR RRIE . Zad A3 5 i Bds A5 1 092
W, A B T Y AR TR RS A L H AR
Z H bR S5 2R IG 5. MH BOs A e Js ) fiff
Labellmg ¥ IG5 52450 1) e /NS MEERE I B i o
FLACAE , 15 240 75 3E SRS 1Y v e Ak AR R R A R
() xml S, HARFE N PASCAL VOC ¥ 2, br i 45
RN E 1R

1 BIRERELS SRR
Fig.1 Example of data annotation results
PP B R 4 72 3000 4y, 13 31 764 IR KA
MY ZREEFN 328 IR R IR 4R . SRS L TEVIZREE
SR P B 35 A ROR] A G P SRl B s B R, A4
TR 35 N BE T, G5 25 SR B WK 2 R, et
Bl b s I 2R8I 1 528 R 1A

G D

2 HiREERER TG
Fig.2 Example of data augmentation results

1.2 WWF=*E

YOLOV8 J& i 3 (19 H A A il f 2 2 — , B
B R RN 2R RN LRE T, BE 0 1E B DR b 4 25
FEA RS E bR, MR P 4% TR BE RIARRAE 8] 58 BE () AN [
A n.som Lox SARRAS, DL 2 A [\ )82 FH 3 50 1) 75
Ko PRI AL 08 15 45 1 TAEROR , A5
K2 2R FE B AR A YOLOVSn AR R | FF 78 I HLfl) | 3%

A A 7R ] S LGN 1) P 286 3 0k 2 TR i 2k
i 1 (zero-reference deep curve estimation, Zero-
DCE) " e s i ] 4, I AT SPD-Conv! 4t
WK BERRAIE , [R] I 2545 1 #8 2% 2 (transfer learning)
Tt — AT P RE

1) Zero-DCE 3 5 5 [A] K15 . 1 1] >R 4 1 [R5
AR, S BOW o R0 % 5 S0 A 25 U



53

A A RS BRI R AT 4 2T 1) YOLOVSn ] 3ERAS I J5 75 3

AN B HLER L E TR AR B IR ME , 2 T, 51 A Ze-
ro-DCE 3§58 7 [A] B4, T 1 i 1 Je 59 SR 4 56 B A
N IE{% Input image

AN, LA RRARR TR 8] FEIAG R T ME FEE , M Ay i e R % Ak
PRAE 55 $ L3R Zero-DCE fAEZE N A 3 B /R o

B
¢

P Conv+ B Conv+ = Skip-
ReLLU Tanh Connection

W5 B4 Enhanced network

|—>.—» L=L(Loaed, ")

l

L1:L(I;eAlw'G‘m)

Ly=L(L:ed,"™ ™)

HHE e

4 (ROB
" Curve parameter chart

ROl

Enhanced image

3 Zero-DCE HIHEZE
Fig.3 The framework of Zero-DCE

Hrh, Zero-DCE VUL G BHRAE A FIH
DCE-Net 2% 2] i 2 S50 &, 38 2o 52 B 448 5 i1 22 (light
enhancement curve ) % %y A A7 [6] R HEA T2 25 9% )
B IF gt ZUGEACIL B A HG s ER P
i 40 07 1Y) PR TR N

L(x)=L, (x)+A(x)L, (x)(Q—L,(z)) (1)

K (Do FIRG R AR 0 HIERKELA RS
i A EMEIRST AR 25008 . R As BIMERE A 3252
¢k, Zero-DCE #| il DCE-Net # 22 [ 4% e 17 804,
DCE-Net f 7 744 BUZ A 3 AR Bk R4 122 ,
A G RZACR 2K 1R E B 3X 3B,
AR FEFH SRR R B IR, B2 Z 5 K BN
2, B2 G PR RelLU , by f 4 it 9 el Y% 7F
[—1, 1L]P9, % 2R Tanh B0 PR

2)SPD-Conv £ AR B AE o IS 58 7 1

HIRE2K SPELBREL K

Sampling even columns 2 times  Sampling odd columns 1 times

'\

HEBUCRFE 3rd sampling

SE2UCRAT: 2nd sampling

H

A

AT DAAT R0 AVR 1A T P14 A 0 e B (EL ey T I 4% 4
PERAR , B A DU B BT SR e A TR , P4 L 75
BN AR AR AR RIS IR Ty . BRI KR
AN RFAE B IR 20 BORE B A EEE S W AR T K
R 2HBRL K R 16 FURE S A ARAE I8 1 5
FEGCRFEZ K, I HLA 50 A B0 1 RAE B
PR — 30, XA B TSRS BB AR B R AE , 2Kl
25K N 1B BRI 4 R . A1)
YOLOv8n M i KR 2 BB FRBEA TR SR A FIRR
IEHE I, 33 23 56 LR AE B 25 2K o Ry fiff i — [
B, 1E YOLOvVSn H1 5| A SPD-Conv, D4R 51 12 B F)
A3 B A B0 A R AE , SPD-Conv i i SPD
(space to depth) P-4 T R A 2 5 B 1Y 58 T
Be A A 1K 1 B B B F , B A
K5 R

THELIRAT: 3T

Sampling even columns 3 times

SEBIRAT: 31K
Sampling odd columns 3 times

/

0

SELUCRAT: 15t sampling -

S2UCRHE: 2nd sampling

1 2 3 4 5 6

H

FE3UCRFE 3rd sampling

AU Ath sampling

HH

H5UCRFE 5th sampling

B

A KR 2 8934 F] Convolution with a stride of 2;B: 25K 1942 Convolution with a stride of 1.
B4 HKA25HFKA 1 NERZEHESFSATIAGD

Fig.4 Sampling characteristics of convolutional kernels with steps of 2 and 1(using columns as an example)



4 gl K % o

943 %

LxLxCl

1/
L2x LI2xC1

LI2x LI2xC2

B 5 SPD-ConvHi{ETTE
Fig.5 Operation process of SPD-Conv

5 i A BHEIE IRk LXLAC1, SPD-Conv
T 5EiE T SPD AR 2| 4N EAR K L/ 2XL/2XCL B 5§
TR OB & AT 1V 25 8 0 2 B P22 SRR A L/
2XL/2X4CT R L e e AP KO 16 U
PR R AF I I8 B Ay AR AIE R 1 S T 5

3) BRI B N 4% o Rt I D46 1) S5 R4 1 6
N PR T — S B R IE BT AT R R
ﬁ%lnput@};Zero—DLEXﬁﬁlﬂ%%@@i?ﬁ :J:E
T TR FEIAZ) 185 T B R BRI Rl g 5t
ST ﬁFéim@{%MEE%z%mﬁ%m
%X Backbone fii i il &5 SPD-Conv Y CBS . C2f #1 SP-

RIRERIR

Original image Backbone T3

PF S50 1S 58 5 10 R AT 2 2 O R AE 4 L,
RIZFHEE (14 )2) 85 F & iSO RHE , S it £
P E R B, TR ZFRE R (20 )2) E2A 515 R
fiE, $ A3 2 (1 260015 B, s AR5 Neck K UGE 2 FPN |
PAN X Backbone $& B9 AN [6] J2 Uk 04 R AiE B LA
B SCRRRE 5 o SCREAE RS, DT 7™ A 3 e o i
M Z56 R ; B 8 3 A A Sk (doubled head ) 43511 A=
BRI H AR 2SR B A A G 3 BN
[Fi) J2% 52 BB 1) 4G 43 5, 29 il 6 7 25, 28 11 31 2 Y
TR ARG DA [a) RUBE () SR 52 B AR, R4 JE R
ELID IS B04F 5 75 K AR I 25 2R

| SPD-Conv. BN siLy |

C2f x

—> CBS

BEZSE#ﬂ'EI_JI!ﬂ:

of the 25th
Iy fon ature map

BottleNeck_False

—> CBS*2 —>

BottleNeck_True

CBS*2

SZOEWH_JWK
of the 20th
Iy  featu ure map

;14@#3?1!“1&!&
Visualizat of the 14th

\_ layer feature e )

NG AN

— CBS —» MaxPool » MaxPool % MaxPool

EzlmﬁEl'ﬂlk
ualization of the 31th
ayer feature map

Concat CBS nd

/

E6 BHpM%E

Fig.6

Improved network structure



53

A A RS BRI R AT 4 2T 1) YOLOVSn ] 3ERAS I J5 75 5

4) IR A YN ZRAEMS o (62 A B B BR 5T
T DRASE 2R 1) P MRS E P A B QB X B
KA AN B O S SR S g 3 o
Bl AR R , BN AR TR FE R 2% ), 32 %%
22 A LR — 40 ) T A5 B 5 A s
Hh, T AR Bl 3 ORI T A AR o TE %2 > 1Y

Hbris e
Target domain
dataset

it eieiies
Source domain
dataset

R

Feature extraction

A JEC SR A B S v A A e 1 Rl e R0
I %, e AR X 28 R1R, 1240 7 i 28 4R R
S el =z ] A AR R LS R TR ) R R AL
IR RS B H AR BRI RS A S R A
A58 D UESORIT 1 A JO6S X 6 2 >0 SR 23 i) e 17 i
SIS O T (U BR R 25 o RN PP u R oy (] 3 N T

AR B 0 TR A
Generate category
probability and position
coordinates

person
car

apple

B

I— o

i

orange

clock

Pl GG I IR
Image enhancement
promotes positive
transfer

RIRITRS Lt
Knowledge transfer and
fine-tuning

i

FT—
M

B7 AMRFEIHBFIITRE
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A method for detecting apple at night based on YOLOv8n with fusion
of image enhancement and transfer learning

TONG Zhaomao', CHEN Xuehai'*, MA Zhiyan"*, YANG Guangyou"*,ZHANG Can'

L Institute of Agricultural Machinery, Hubei University of Technology, Wuhan 430068, China;
2.Hubei Engineering Research Center for Intellectualization of Agricultural Equipment ,
Wuhan 430068, China

Abstract This paper proposed a method for detecting apple at night based on YOLOv8n with fusion
of image enhancement and transfer learning to address the issues of low recognition rate and poor real-time
performance of apples in nighttime scenarios. Firstly, embedding a Zero-DCE module in the front-end of
YOLOv8n enhanced images of apple at night, presented the contours and details of apples more clearly,
and reduced the difficulty of recognizing images of apple at night. Secondly, using SPD-Conv for down-
sampling enhanced the ability of the model to extract fine-grained features. On this basis, transfer learning
training strategy was used to solve the problem of small sample size in the dataset of apple at night. The
MS COCO dataset containing categories of apple was selected as the source domain dataset. In term of the
target domain dataset in nighttime scenarios, Zero-DCE was used to increase its similarity with images of
apple during the day and finely tune the model of target domain on the model of source domain. Experi-
ments were conducted on the image dataset of apple at night based on the method above. The results
showed that the model accuracy P, a recall R, and an average accuracy mean mAP@0.5: 0.95 of method
proposed was 97.0%,93.4% and 74.6%, being 2.3, 1.9, and 4.3 percentages higher than that of the YO-
L.Ov8n original model. The inference speed of this model was 22 frames/s, meeting requirements of real-
time detection. The results of the ablation experiment showed that the combined effect of image enhance-
ment and transfer learning exceeded the sum of the effects when applied separately. The improved model
performed better than the original model in dealing with complex situations including overlap, occlusion,
green fruits, and dim lighting, and had good robustness.

Keywords apple; detection at night; image enhancement ; transfer learning; YOLOVS
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