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W OE: AR R AE R TE RER A ERE AR ALK R, AR T —Fh T YOLOVSs St i 4% b A
R B YOLO-GC,  SEIUAT & 2% B AR FRES vh SRS SRl vkl . %%, £1X YOLOVSs W28 B A5 0K HHE DA
BN, DR GhostNet M4 & JF UG 1 E TP 4%, [ g8/ M B2 5 4k Jo R B T B 00 5 M) R o b 4 E T A
BRIERICIE R, MNERER JIHLH] (global attention mechanism, GAM) 153 R 4% 15 5 24 FRIE N 4 S SZAFAE i B2 A
J1s Hk, N TECEEEES/NBEARRSZRIM RS, 5]\ BiFPN (bi-directional feature pyramid network) 223172 ]}
FERIIIAURHERL & B )5, AR R E R ER . BEERRJEE, KM GloU (generalized intersection over union)
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A 32 B F S S 1 R T RRAE X 2 R 5y =Y, el
X RS AR HE 2502 3 R 3 A B A R T2
T Ik A IR AN [R) RS 2 B ARG P TR . S0 R (R R IE S
PR SRS B, A RS BEACN 87.6%. AHELZ T, FE
TR 22 2T (W 7 VL Re R FH 6 AR 28 X 28 4 B 3= '3 vk
ERHIE SR Z RIS SCREE, B ETHUR T 18 40 1) BG4k
HEL, AR N, M E AR B
RIS ERIE RN, S RAER I, ReREE
FEHH Faster R-CNN ARG R (b G, P 204G IS 54X
N 85.49%, HXUHBe R IB R A K o N T HEShIR B 2
ISR L R R, VR 2 238 TF IR R E A R T 5
B30 %% 4% 0. ZHOU 2517 MobileNetV3 # &
#| Android “F- &, FIHIF K1 APP SEEUERERL IF 7= & Al
S, PR BRI TR A 103 ms,  {H 22 5L IR AN
90.3%. LYU 281§t —Foks YOLOVS-CS W 4% 5 i it
BV g5 & W) vk, 7E14 % ¥ %% Nvidia Jetson Xavier
NX b S 25 (A A AR I 2, A IR B2 98.23%
AR A0 Y SR ZR PR BT A I S R AT SR AN %
HAR, ZHENG U 2 1 —Ff YOLO-BP 1) % R 45 1iE
Rl 28 U SRR, P YRS BEA 91.55%, Al it 5
RS 18 i, (HAE—Lef H R A E B 3 st R b
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W, 7F YOLOv7 A FE At | 5] N Swin Transformer /N
H s kiR i, Hhn 1 M2t /N B AR RSB O B,
A A SIoU (shape intersection over union) #2% f 4%,
X GG N VR B SRR R 92.7%, (HARERL N AF 5 H B IA
8IMB. IbAl, XU %P Seol kb HLpRsd s R I & 2 R
FEIR AR, SR A GhostNet W 25 20t YOLOvV4 T 4%,
5| N\ ECA (efficient channel attention) VE 7 /7 HL i 1% 5%
Z RERFMERE, 14 H DIoU ( distance intersection
over union) 5K BRI AL, AR A (1) v A 2208 ) 93.45%, 1H
BN A7 43.5MB,  FEAN[FIREFERIRERT . IR AR AR
A L A IR A o

U 2% EE0 R AR SR SR D1 DX 2 B R AR SR . S
R PEREERZTHRME TEBMEAL, mH
MBS BT ERERKR, ART LR 5
IR . XS B SR 3 5 b g R R S S W A7 7R 1 1)
@, ASCHH T YOLO-GC M2y, SEEiBi A 42 &
b, $eEE I 2 AR IR T S SRR S HURN 43 2R 1) fg
[FIF, 7R S FHLmIF R T APP #H4T 4 (b 1R 0 14 g
IR, SRR B AR 1 23 7% 2 v 1) 50 3 5 7 = A 4
PR

1 #MR5RE

L1 # ®
L1l ##ERE

ARHFFLT 2023 41 7—9 H R T A b 4%
MR, W¥EIRM (Citrus reticulata Blanco cv. Orah
mandarin) « 417 /R fiF B ( Citrus sinensis (L.) Osbeck. cv.
Newhall navel orange) « A %1k (Citrus reticulata Blanco
cv. Shiranui mandarin) « #F % (Citrus tamurana Hort. Ex
Tanka cv. Haruka tangelo) « #K#E# (Citrus sinensis (L.)
Osbeck cv. Bingtangcheng sweet orange) « & %' B} Ifi #%

(Citrus sinensis (L.) Osbeck cv. Tarocco blood orange)
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Fig.1 Sample data augmentation

®1 ZEHBEGNEERENS

Table 1 Distribution of sample size for green citrus images
A gReE Ul plliEeE S it
Sample Train set Validation set Test set Total
. E*izk 1440 480 480 2400
Original sample
g =
el 8640 2880 480 12000

After augmentation

1.2 5 &%

YOLOvSs fE BB HArkr 4, To i LBk
X3 AR ORI 2y 20 08, B ORISR M g g5 0, Pl
PR RE R, PRAUE 7% H A ) S i 5 v s 1k
TR IE 2 I AE AV ATR S BN T2 RS N T

Z AR I r S L SR S v A A U 3 N7 3 5 % B i 1L
BT, A HET YOLOvSs HFRfmim 4, 4247
YOLO-GC M £ 157, iZ M4 7 Fokit: 1D M
GhostNet P28 & B UG 10 B T WX 4%, I 28 25 1) 4% =
fhs 2D 1EE T MG FFHERL & Z N GAM 73 =& S
18 58 0 S 0 AR AT R AE PRSI B FT, BT I 28 A A i e
JEBIRE s 3) TERFAE Al 2 A8 F R AE & 2 B mi A I 4%
BiFPN XY AE B EAT XA AL, S A R RF fT 4237
sCORHRIGRBIRR: 4) ffH GloU $ik K45 & Soft-
NMS 5%, 80 Sk R 7R I £ R0 5 5 37 = AR A A A
. 2T BB b3 21 YOLO-GC W 2% 25 14 an &1 2
Fi7R o
1.2.1 MR 2510

BT M4 (Backbone) 1EN YOLO-GC W %% [t 5 %2
MRSy, AHFF S GhostNet /4 YOLO-GC ‘B 1M
%, ERGREUEG P R R SZHRE . GhostNet [ 4412
SR FH 17 B0 28 M A8 3 A 2D SRR AE B A% G0 45 AR A B )4
fIE, M i e X 4 R 0E L 0 A AT B3 RS v ) R . 1%
I £ (1) Ghost 5 FH 31 38 (1) 45 B A5 B R0 28 P 4SS B g
e b A R A G R E I, SRR R
KR R LA A BT AR FRAE I, 5 i ik i ek
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Fig.2 YOLO-GC network model architecture
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AIE (R I T BE 70 A R A Y R RS B, 7B T
WA 28 FUERE D& 2 5] N GAM VEE HHLH] . GAM JEid 5]
ANZ ZEGds, VUBEEE . FEER I TH A
TREHURCOR 4 RFFE A B, Wb B8, R HEZE
B ERRIEP, GAM Hi NHFIEWLS I Fy € RV, Horp
LFRFHE B @E £,  HATW 53 5 R R R AE B e 5 0
. HIEPRERE LA F (D F (2) frow:
F>»=M(F))®F, (D

Fy= M,(F)®F, 2)

XM FRBIEEE ), MERZAERE T
123 4FfEdksE

-+ YOLO 1 H ) FPN ( feature pyramid network)
5 PAN (path aggregation network) #E1IE & 2244 % 1%
FRIEF R EK . ANSCR A BiFPN #1172 RERHER S,
BEANFRERMFHEE S, RN E R SOR AR
F120, DLBR T M SR S 7E 5 4 DL R/ H bRz R Bk
#EHI . FPN. PAN A1 BiFPN = i 5 fiF @il & (1 J5U 2 4
K 3 7o BiFPN £E [A] — JRUSE AR5 AIE B 22 7 X0 ) 1 2
Ji M B X R AE Rk 2 DT R AN K EL T AR BT A, PR AL (1)
TR AR, BhA, e AR SRR RO N T R A
E KM ETE, AT A R R RREE B RS,
fe 2 RE H AR S 2L . YOLO-GC I 2% i)y
FERLE Z R EIE R B RFETT R, 8 2 R
Ie) A e R AR b B v JE 1R SRR Z BUE IS B, 7E
ANTE ROBE )RR AR B s B T8 B2 Bt & . Bk,
YOLO-GC R 5 i 1 35 g AN 6] RUSJ 0 73 38 (1) 6 2R 52,
T 4 v /N FROSE SRS RS B, S s R SRR

SRR IR BE o
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Note: P3-P7 refer to feature maps of different resolutions passing through the
backbone network.

B3 =it 3 REHFIERESIER
Fig.3 Three multi-scale feature fusion frameworks
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FEIX LS 23757 T 1) HARKLIALCR -
GloU 8 ALt HARHERI AL B BT, 25 J& FRAE )47
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& 48 1 AE % K AE #0141 (non-maximum suppression,
NMS) ik 2 M Bk 5% i ToU {12 54 AH 8L i) 5 B AEE
FHUE ARG AE B B L BN B, G S ) H AR
. Soft-NMS H L Ji ik 5] N T2y AL E s, AR
B H MR/ O RUEE B AT LL D A 4R S 15
BEWE, 5NMS ANFE, &ASEHEMERK S B AE,
T A& B AR R H AR EAS % . Soft-NMS il = (5)
S

S, IoUM,B;) <N,
= (5
{ S.(1-ToU(M, B))),IoU(M, B))=N,

i

P MFBTRAF 5B m (PR IR S S AE , Bk /n BEAL 2 (1) {5
WACIGHE, NNV IR, ToU J& T ek i 4 Fl i i 5
IO HE S AT — iR e HE BB 0 E. B RLHES
FERER S, > B R R R, S RN TR A 1 5 iM%
T SE SR AE (1) 73 H
1.3 REFESTNIER

TR IG I FE P AR 25 2 AT AR U R R ALk, R
{F & 4t: Ubuntu 20.04, & K : NVIDIA Geforce RTX
3090, AbFEZE. 13 thIntel(R) Core(TM) i9-13900K, ‘ZAF:
24GB. #WfEiE = Python 3.9, VRJE2:>JHEZL: Pytorch.
APP % i V- 4 :  Android Studio, JDK 1.8, JFKiE & :
Java. & HFHlim APP F FH M1 4% . 400K 10X, 12
1TWAF: 8G, Android 13. MPFALHEH 7 1E KRG R,
AAFH LT fabr: K% (precision, P), A
# (recall, R), ToU HIME N 0.5 BFHI-FIIFEEE (APys) »
ToU & {8 M 0.5 2] 0.95 H 25 K A 0.05 B (1) 7 39 85 &
(APgs—gos) » HERAZRANH BIZE A5 (FD s —
MAPATF SI2EEE (FLOPs); &%& (Parameters);
WEBER N AF (weights size) , .08 IS 1 F 35 2B

£ (inference time) 1,
2 HERE5HR

2.1 PIEIREN)IZGE R

AHFFUAEF COCO Hdi S Il 2R (L BLPE R Tl 2R AL
EHEA, NASEEEWT: B 640x640 52, AL
WHEH G HCE 16; 5:4% 300 58 fiib 2% SGD; #I4h
3 F N 0.001; RN 0.937; Moasic 4 1 55 /5 2
RN 0.7; Mixup 048 HE 08 7 LR N 0.5, A B
Y HER . Moasic Fl Mixup U4 18 5 77 V20 FE (1 2 40{E 2
AR A ST IR ) 50 R SR B A B g iy
SEP A U A T PR A AR )1 A TR A 5 P B
FIRVBAF Y58 s IEARES B 8 o W 2 X 48 455 AL 7 Il ik
TR ER R A S L B AR SR, o R
HEMESHNEE SR T 5 H1E COCO AFAHRLE il
Y5 YOLOvSs #5780 A i) e HE L BP0, 3 3 A% 4 T 4k A2 72
IR 2 50mT LUA AR SCBE R I SRER A — AN BT (T A
DRI ZRId 2, B TH A5 5L 7 43 8 A A A AT 55 1)
PERE

YOLOv5s Fl et i #5588 1 B A SC E il i 4 At A £
PENLE, BRI E 4 Frox. S Hua Y gl
A BOAL B A B S PR T R SO R
AT YOLOVSs, HoAr B 451 5% s HUE AN B S B i
R BRI BUEAE USSR ZR D0 BE /N AR, e B et S 1
SRR AR R I TN HE 5 35 SEHE 2 [R] R Z2 3/, Tt
HE B Ao B BEORG ¥, [] N e B 50 S PR ASE 2R A TE A T E
FR 7 THH A BE SR I e

BFYOLOVSs
YOLOVSs--o-: Improved YOLOVSs
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IEAEE L Epoch
a. o AR R R AL
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Y OLOVSs
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b. BASERUR R
b. Confidence loss function
B4 ARE BTG R BT &

Fig.4 Loss function change curve before and after model
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2.2 GHRERIEZER

J9HIIE YOLO-GC £ (8 M g SR S s 0 ) 85 A5 28 %o i
6 YOLOvSs P25 ot IR AR, IR 38 7 et J5 1 45 /4
B ThRE, ASCRIA S 2H W i 560 B 5 1 10 oot gy vk
(A 25 o Rl e v M Y 265 DL S 22 A R B e it Je
IR 285 LS AN 2 fitoR . 1 50 N SRBsE AL A Ak,
f# i GhostNet & # Ji 4 B T M & MG TS 8 2 1) C3 1
B, KEEEEEA TRE, HAZEYPNAES FLOPs 435l 8.0 MB
178G, ZHEWAD 59.2%. HIK, EHT MK
A Z RN GAM 73 5= 7B DL K A% ] BiFPN sSoidt Ji 46
W4 FIERHERL & NS e, EEMNE. SHEMTE
EIINB NS T, RBTER. GRELLCPIREE AP,
SYMARFET 130 LS M2 ANE D A BJafEH GloU it
KR 45 G Soft-NMS B3 X503 CloU 4 2k bR 2R NMS
B, FEERSASETE, (RBA IR K NS
& YOLO-GC 8 [P k5 % 5 A [ % 2 7 1A #] 97.6%
F190.3%, “FIIKE B APys 5 APys—_gos 73 5l 1A ] 97.8%
F189.6%, HALH BN 83 G, S E N 3.57x10°,
WE NN 6.69 MB.
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Table 2 Results of the YOLOvSs model ablation experiments
\fi)”it«M P 0, P = %%E
GhostNet GAM BiFPN Soft-NMS +GIoU i AR PARE Mean prcision’ Floatirg ;gg’:t%pfrations Parafeirs BUE P77
Precision P/% Recall R/% APy APys—g0s 6 Weights size/MB
FLOPs/G /10
X X X X 96.5 89.4 96.6 88.9 15.8 7.96 14.50
v X X X 96.1 88.1 96.3 88.5 8.0 3.25 6.50
R \ x x 96.8 89.0 96.9 89.0 8.1 3.32 6.56
y v v x 97.4 89.6 97.5 89.4 8.3 3.57 6.69
v x/ \ \/ 97.6 90.3 97.8 89.6 8.3 3.57 6.69

VE: NERORME AR, <R A R
Note:V indicates that the module is used, x indicates that the module is not used.
2.3 FREIFGERNRIE

% YOLO-GC R AT ME el ik, ARFFiksES
YOLOvSs™!.  yOLOv7!', YOLOX"!', YOLOv8®,
CenterNet®, Faster R-CNN"), RetinaNet*® 25 7 F i F
() H PRt A A LA, -~ 3RS FE APO.S 43 AR T T 1.2,
1.3. 14, 09, 1.7, 461 3.9 NE4r s, xS Lb g 3
e 3 frun. MR 3 A1, FESRE MG IR AT 55 (1 HE 1
PEJTIH, ARECT HOE R B XU B L%, YOLO-GC
BRI T HE SRS, BREIZEMFL 5, M
BF YOLOvSs 20l #2877 1.1, 0.9 Fl 2.0 N E 4rei, 3

L1390 N 97.0%. BEAk, AR SCHE H 2% R AR L i 4fy
WCE R (K N TR N T 53.9%, SEER DT 55.2%,
HEEWA T 47.5%, HEFRK MR T 46.2%, i H
FEST YOLOVS &5 Ffir B By A AU A N A7 T /0N, HERE
MR, Bk, AT YOLO-GC 25 157 71
K6 SO0 T e ARG 3000 Sk B 1 D B A T A 7 el R % A
B, JFHEEBR/IMINENE, HEAME NG E%
o T A Ll X % A Y A DA B AR N BRAG, BLER
RERUR, LS K, AN IE B3 B 55 BN
it b

%3 FREEALS YOLO-GC MM AEXTLL
Table 3 Performance comparison of different models with YOLO-GC network

17 Model P/% RI% AP, 5/% F, 5% F, score/% HEHAT K Inference time/ms BUHE 17 Weights size/MB
YOLOVSs 96.5 89.4 96.6 95.0 6.5 14.50
YOLOvV7 96.6 89.3 96.5 95.0 6.3 11.70
YOLOX 96.3 89.5 96.4 95.0 7.9 19.40
YOLOVS 96.8 89.8 96.9 96.0 5.8 22.50
CenterNet 96.2 88.9 96.1 95.0 26.9 124.60
Faster R-CNN 94.4 87.6 93.2 94.0 36.4 108.40
RetinaNet 94.8 87.5 93.9 94.0 48.6 138.80
YOLO-GC 97.6 90.3 97.8 97.0 35 6.69
ALK YOLOvVSs 5 YOLO-GC #5824 75 9 ik £ o ik M SO, B2 35 RSB — SR B,

1T T Hes, @ i RIS EE . HE. DHE.
576 WAFRERZHEESME L=, YOLOvSs
FEC TR AG I 1 7 SR S BB AR T YOLO-GC B, JuH 2 1E
PEEIERY . BURAR. DEARRSE. BRI SR
SRS REZRHE, WESfin. EEFERZ
YOLOVSs BB G MR I R AL, MDA 24
BTSSP AR RESH 5 0T/ BARMEER
RS, FFERLE P2 A R R B FIRHERI AT 7, 33
A B s BB IR 451 2 oR H5ORA [ U AE 531 Bk AL 1
AR R IIAE B 25 B, &R 1 K B AN B S S )
TR . YOLO-GC HHUF ] GAM VER JIBHRTE 1 x4t
ML ISRELAE 77, 51\ BiFPN Z5ifivk 1 /N B bRAnss
AL IS, [EIR ISR GIoU 4514k R EURN Soft-NMS 55
IR TIPSR SR . feZ YOLO-GC BRG]
Re IR 2RI, RMBIFKREHEL L, W EE S,
24 REFLRE ST

N T JE SR A R R AL R S A RLE R A, A
B X YOLO-GC #5572 A6 0 5. S I A7 7 (1485 6 A e A 175 0
HAT T 500, Wi 6 Fin. &l 6a i B2 6 1 e &
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Detecting green citrus fruit in natural scenes using improved
YOLOVSs model

LYU Qiang'?, LIN Gang®? , JIANG Jie*? , WANG Mingzhi** , ZHANG Haoyang'?, YI Shilai'?

(1. Citrus Research Institute, Southwest University, Chongqing 400712, China; 2. National Citrus Engineering and Technology Research
Center, Chongqing 400712, China; 3. College of Engineering and Technology, Southwest University, Chongqing 400715, China)

Abstract: Accurate detection of immature green citrus fruits in trees is one of the most critical steps for production decisions,
such as early yield prediction, precise water and fertilizer management, and regulation of number of fruits hanging. However,
the large model has been confined to identifying the immature citrus, due to the similar green citrus to the canopy background.
Great challenges have been brought to rapidly and accurately detect the fruits, even to deploy the model. In this study, an
improved model, YOLO-GC (you only look once-green citrus) was proposed to detect the green citrus fruits using YOLOVSs.
The improved model was also deployed into the edge mobile devices, in order to achieve the real-time and convenient detection
of green citrus fruits in trees. Firstly, the original backbone network was replaced with a lightweight GhostNet one, because the
YOLOVS5s network model was large and difficult to deploy. Meanwhile, the attention was then improved to the green citrus
features. Accuracy degradation was reduced after the model was lightweight. Global Attention Mechanism (GAM) was
embedded in the backbone network and the feature fusion layer, in order to extract the fruit features in complex environments.
Secondly, a BiFPN (Bi-directional Feature Pyramid Network) architecture was introduced into the feature fusion layer for the
multi-scale weighted feature fusion, in order to improve the dense and small-targeted fruits. Finally, the GIoU (Generalized
Intersection over Union) loss function combined with Soft-NMS (Soft-Non-Maximum Suppression) was used to optimize the
bounding box regression, in order to reduce the omission caused by the occlusion and overlapping of fruits and branches. The
experimental results showed that the weight model memory of YOLO-GC was reduced by 53.9%, compared with the
YOLOvVSs. The number of parameters and the average inference time were reduced by 55.2% and 46.2%, respectively,
whereas, the average precision (AP, ) was improved by 1.2 percentage points. There was a lower amount of fruit leakage and
misdetection in a variety of complex natural environments. The comprehensive performance of the YOLO-GC model was
superior to that of CenterNet and seven commonly used network models, such as the YOLOv5s, YOLOv7, YOLOX, YOLOVS,
CenterNet, Faster R-CNN, and RetinaNet target networks. The average accuracy of the YOLO-GC model was improved by 1.2,
1.3, 1.4, 0.9, 1.7, 4.6, and 3.9 percentage points, respectively, only 6.69 MB of weighted memory, thus achieving 97.6%,
90.3%, 97.8%, and 97.0% for the precision, recall, average precision, and F score, respectively. The YOLO-GC model was
then deployed to the Android mobile App for testing. The detection accuracy reached 97.2%, which was 2.4 percentage points
higher than that of the YOLOvSs. Furthermore, the inference duration (1 038 ms) was reduced by 85.8%. The IC model fully
met the requirements of high-accuracy recognition and real-time inference of green citrus on the Android phone side. The
finding can provide technical support to detect the green-like fruits in complex environments. The improved model was also
deployed in the edge intelligent devices.

Keywords: citrus; image recognition; YOLO; green fruit; lightweight model; mobile deployment
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