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(College of Electronic Engineering, South China Agricultural University/National Center for International Collaboration

Research on Precision Agricultural Aviation Pesticide Spraying Technology, Guangzhou 510642, China)

Abstract: [Objective] In order to solve the problem of low recognition accuracy due to similar color of the
background and new shoots, to realize the automatic monitoring of citrus shoot stage and explore the improved
method of algorithm, the machine vision technology was used to carry out the research on intelligent perceiving
the growth stage of citrus shoot. [Method] According to the characteristics of features extracted from different
convolutional layers and the role of different attention mechanism, an improved YOLOX-Nano intelligent
recognition model based on multi-attention mechanism was proposed, and a diversified orchard dataset for pre-
training was established. [Result] The improved YOLOX-Nano algorithm achieved the mAP (Mean average
precision) of 88.07% using the orchard dataset as a pre-training dataset. Compared with the model of YOLOV4-
Lite series, the improved model significantly improved the recognition accuracy with less parameters and

calculation. Compared with YOLOV4-MobileNetV3 and YOLOV4-GhostNet, the mAP of improved model
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increased by 6.58% and 6.03% respectively. [ Conclusion] The improved model has greater advantage for

lightweight deployment at orchard monitoring terminal. The findings provide feasible data and technical

solutions for agricultural real-time perception and intelligent monitoring.

Key words: Citrus; New shoot; Intelligent monitoring; Attention mechanism; YOLOX-Nano; Deep learning; Intelligent

agriculture

A2 B P A= 0 2 EKOR U FEAL G A R
el F AR AR AR ML SCRAR, B ORI i LT
23 B LR N G AR A7 A ARG <5 ) AL, 3 BCR el
o FEAR S AR BB T G, ANA T ARk 22 F A gk
AR o B R AR A AR BAL K i NE 7 A 5
90 2% A 15 20 B e AL (1 i i B B R R TR T
22 S SR el B RE ARG Y B 8 RO b A
5 N 03 fa I E B A . AR, MR SR R e
A B K 7E 8 B DU A B DT TR B i
T R ST SR BOR PR SR BOCR [ B EE R
SEHLR I B ) PRt e AL FEMTAR 2R i
BT 7E o, BT RO 70 2 LA X A AR SR S AN AE,
(NS R Y R/ NN B IR RPN LR S AN 2
FUEERFAE SR A 22 A>T T b Y, SRR SE AT E
A E T G T B A E AL R R A L B 3R
AR PR AR SR o X BERTF 5T 32 B A oh T R
PR R SR RTINS LT HL T I S ]
R, DR R ARG TR R A B 5 T ) AF T LA
RS 9 ARG R PR FF) B A B s AE R ARG A 7 o
FE A B M B AR A KRS I A B s
REHEL ARE T —F & Ml 2 HEMH 2
FHARR LI E FRIE ORI R TR 2. BT
W], W S s ARSI R A BARSRIIAS
PEN S 29 AR O 2 Z SRS T 5 B 5 it
AN R SRR KRR MR BEAL . 34
RAEBLRY . HDH R 2 DN T A fe £
BN, R RE AR bl B AR HT R il R AT AE K
B BOPI R A B 1 VR e XA 5 U 5 52 B
DRI 2R AR S M A 4 Wi Al 22, T EL R el T AR A K 2
A B BOA W A HERR LR s 534k, KRR
Bre] m ERL AN 3] X 38510 7K B R 34 22 7t 3 08
A il A A LA [R] N T 86 el 418 e e ot 2R el 4 4 X
s, 1 EUWAH — il R 2 G N TR ER, AT
KT AR SR el BT A 4 . DR, 8 P T ST 5 15
ARG A AR R B 1 LR REAT IR0, A HER
HH AN E A FR 2 HiAEA B B S B A S AT REAL
LT AR S, J2OK T 4R v A A B i B R D
55 BN FE R R

A7 BT R R0 ME B S A T H AR S AR bR
g AT, BRE BRI, HIEA. Btz
Peilm B . Li 25U i RGB-D ML &
YOLOV3 H sl Bk iz mt “ —aepnt” X,
X 2R P 2 A RS FE IR B T 93.1% 0 Xu 2517 ff
H YOLOV3 Hul & R i 275, JExt iRl s 11X
4% H DenseNet201 M 25— 24335, B4~ R0
W g F, AT DA R R ) g SR B R
95.71%. FENNLLEE" SR =50 DL S Al A R 70 B
HEAT K BE AL AR EE , I o 9 8 v R0 Y o 4
AK Ak 3 B PG R AT DR F M, SR KA AN
ERIE S BIEGIR I —H EUR, JRET —EEE
PRI B R 1R 5, R RS I A ) B AR
Fang 561" {1 F A ARyE 55 JJALAI (Coordinate attention,
CA) LK Do-Conv B 1) YOLOV4-LITE *f
A ZE R I, B S R A AR T ), S S TR A
AU 5K FE ik 3 98.73%, i H B EILE 8.74 G.
Scarlett 577 JEHUENE H H AR 5 KRR ME ERIX
SrBE, AT G V) 4y, i T B I RRE ik
R ERE 288 53 08 A 28 B R AT RO, IR0 RE P IS B
86.83%, NI Ayl A& F T B TR A SR, BiAwt
FUH, EEXEOR () B 1) R 2 R AR R
SRS FEE AR S5 A7 AE o BB SR B 4% 2 oK vy 0 dE T
AbFRELSR S R AR B R B TR 2 AR B DL
Aab P ] K 25 v 8, AR S 2 SR v 1 AR
RS 700 300 25 A 08 38 o A b S R G ) T 3 531 e e
R, SR HER AT AT 1R 10 25 A 5 AN SIS R AT, 7EAR
RS SRR AT 38 N Rt — i s i
BRE RIS X 7 68 ). AWFAERZENT
YOLOX-Nano 1H 7 P &8 FEaiti I, a4 FH 22 Fpid =
JIMLH R 2 Je A0 s SR 3R TH S0 B bR 5 1 R
X 366 77, NI S JRAH ARG 5 225 R A U0 AR 34 1)

RERTL.
1 MR57EA

L1 HERESTLE
AL 5 A AR BT R 1 2R T AR
T2 B, A F AR H AR 20~100 cm (I



144 Hepg Ll K5 224k (https:/xuebao.scau.edu.cn/zr/hnny_zr/home)

44 %

BT, AR R BRI HE AR
L, FL3R1F 3 000x4 000 4= E H 1096 5k, 7ELL
ity b, b N HTA) $ AR Sk R I 2 B R R A R
123 5, SLit 1219 5K AR PG o 38 e 38 B AN 7 6 B
Z3R1F 608%608 B R A RIEE 1 681 5k FRAEA
AR R AR R 2 O R = BORHE RS AR B TR
FAREL GRS BR T 3R, CAACHT A AN [F) AR K B B e
T, KBRS o N 2 AR KR R Y, o 1 B
7o ffF Labellmg B4R 1E T H G 4R 42 147 b
7, FRvEEE L PASCAL VOC & AT XML
SO

a: B 2RI b AR K o I
a: Germination stage; b: Growth stage; c: Leaf-expansion stage

1 REEAMER R
Fig.1 Citrus shoots at different growth stages

N ARAE B S ST, A SR R 81t
E AT I 2R g BGAESE MREE IV 43, A4
£ EME 1345 5k kS EIME 168 gk MHAL BIE
168 5K . 1 H Imgaug Z4E 4 78 T2 XTI R ik
TV 7,  RTEIEAEG. LGN, B =ER
K BENUR NGRS, AT BELA G, T8 0 1
215 EUR 5 440 5K
1.2 ETFZFEANHIRHIEHEERN 5IR AR E

TR I HLA AT DA ST 2R i B 1 th B o T
fF 8, B R —MEIE I TT 5, 7 LA R i
Yefd B 2, [FRHE A U T E B R, AR Y Ab
PR E (5 B0 FREASAR H Jo i SE I E E 1
FHOCPEREAT (A%, Pir A 18 Ab T~ S5 A7, 3 il —
b 5 AR IA R W] 5, VE R L AR IR 2
B o BT A e T {5 B B, @ B AR T A
1 B B (5 BARTF A AL, SICBIL I 45 P i 1) 4
Fro FERN IR S 2 2 H B/ B bR SR
P B S R N R, 51 NER SIS AT LE —
T RE b U db AR ke 2224 R[] R 7 S WL A
A HEAFER, & LRSS E = 1P (Squeeze-
and-excitation attention, SE) f# F 4= itk 3k 15
Ix1xC(C MiBIEHL), A 2 NMAEEEM 1 AN
TG R EOIAT AR L M A EE, 5T A P E 3 [A] Y A 2 A
KM, B AIRAT Ix 1 xC (38 T8 A E 5 R AE 2 T
BE, | T8 4 R i, SE ¥4 s B 46 il i

BUEE, ] LAAR G b fff 5 A [) 88 1 [ f 2 2, HOX
Foh 7 TR AN [R) 388 A5 S R S5 X £F, 288 T IEE W
ERFE I SR I . TERCRAL B, FRIEE B O
G B8 v, A B RO B s (HAE S BT UE B B
REAE T B A B R AE B R 1 B2 R SE ROAE
HIR. £XF SE FAEMBR G, CA VHRHE B Z 1 98
T 2 ANERE AT WAL AN AR, T SRAS R A G
iy, JEEMIE R 2 N7 LT R A . 5 SE AL
R KT 43 LW T B A B, CA AT DLSEELE —
A7 (8] J7 [ il SR AR AR OC R VR 5 — AN 8] 7 1A
TREERAOL B S B, (5 5 v b e A FE 00 H
FrIX k. Hou 2509 336 1E B, 75 ImageNet 4r K AT:
%A COCO H bk eSS4, CA B FIKS R L
SE # AL BIFEFE T 0.9% F1 0.8%, B %R & 7 M
LIRS BRAERE /T SE AT CA FIT TSR 2
i

AWK YOLOX [ s A YOLOX-
Nano E A6l M4, H br A2 5200 A A HT RS 00 R
T 78 57 5 8 T B ORE HE 1R31) . S Iad oty Y e AN
4 i BB, R B R A 2R S0 B A AR R A i )
FRFE . YOLOX-Nano M 41 {# H i 2
Depth Al Width ##i] CSPLayer 7% 2 Bty N L
KR AE B 4E B, Depth BUME 0.33. Width BUE
0.25. 3tk — 25 $ v A 70 o A A 3 AR G 00 1) 2
AW FEXT YOLOX-Nano M HE4T THRALELE . H
TAR A S AR (10 3 A e, ) AT A
3 e ASE 15 3 S (1 3 0 B R, DR IR T8 5E R
17 H I B br = B AR S S o A CHE YOLOX-
Nano W %5 H1 ] Focus fHk, SPP #Hk UL J2 PAFPN
BEH A A5 N TR IS . BT Focus BEHRAFE
T2 1Sk, B e 1) R ah EUR, R P AEAEE
B A A B R AEAS S, TR L G ] R A7 1
(0 B AT I 4l R A 0% 8 5% T X 48 AR A 4
B4 55 B . AR SCEE B = T HLHI R R S, 3k
CA %} Focus BEEHE 1T 25032, 7E Focus LT E 4
HEAT ()RR R 5 s e B i, 4 i i R AR 1
B BIRE Y 78 EIE F, {F Focus W45 [FIHEE
TRAERe 1t — D 1G58, Wl 3 o

TEA 22 IR 28 AR o, % 2 R REALE 12 AR A 2 B
2 HVE SURFE, 7 85 B Ol s E i R 0oNE UG
E.. YOLOX-Nano 7EIK )z M %5 Hffi F SPP A5
KA A7 BF, {81 B PAFPN ML H SHURRAF Bl &, 3R
B2 1 BN SCHRFIE . T IR J2 0 4 3 18 = BER AT
G SAE S, B IE A R AE S B ST
Ao R, ASHEFCE SPP BLHAT PAFPN 5k 5



B FRHRTE, 2. ST o0l YOLOX-Nano SV (KA 75 1 #1348 BE 1R 51 145
LN SE LN CA
lInput l Input
Residuals HxWxC Residuals
HXWxC
A 1 PO PTG L] [V 37 B TEIEIL] gy
Global avg pool Cx1x1 X avg pool Y avg pool
!
SRR PHEEEPR
Fully connected I ConcatiConvgd D(WxH)=Cir
AR AL P HEEAREA S AR Lk A B
Non—linearz It BatchNorm+Non-linear = | xE)<Clr
SRR B LR
Fully connected e Hx1xC COTIV};'Ed COTIVZZ& IxwxC
e Cxixl e [BEEEE|  [RREEE | 1awxC
Sigmoid Sigmoid
HxWxC HxWxC
fh f
Output Output

r NGRS C ONRHE R B IBEEG W H RHERIETE . @&
7 is the reduction ratio; C is the number of feature map; W and H is the width and height of feature map, respectively
2 BIEEENNE (SE) ERERER NS (CA) BitHEIEE
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Table 1 Comparison of detection results using different improvement scheme

X HA 25 34 A=K JeEm- 1
GRS Germination stage Growth stage Leaf-expansion stage mAP/% mMR 2
Scheme AP/% MR™ AP/% MR AP/% MR™

1 84.88 0.37 86.67 0.41 78.77 0.46 82.44 0.413
2 86.24 0.34 82.53 0.38 80.05 0.47 82.94 0.397
3 85.00 0.36 83.71 0.39 81.38 0.42 83.03 0.390
4 87.50 0.32 82.98 0.38 83.70 0.40 84.73 0.367
5 87.96 0.30 86.84 0.32 85.90 0.36 86.83 0.327

1) I: YOLOX-Nano; 2: Focus+SE, SPP+SE; 3: Focus+CA, SPP+CA; 4: Focus+CA, SPP+SE; 5: Focus+CA, SPP+SE, PAFPN+SE

s

C

o W b A o R

a: Germination stage; b: Growth stage; c: Leaf-expansion stage
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Fig. 7 Detection results at different growth stages
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Fig. 9 Local repeat detection and class activate map (CAM)
of Yolox-Nano and improved Yolox-Nano
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Table 2 Performance comparison of different backbone

network
BES i L e
245 /MB HHE/G mAP/ .
Network mMR
Parameters FLOPs %
model
1 43.16 0.042 7.56  80.25 0.360
2 42.01 0.052 6.98  80.83 0.373
3 423 0.036 1.11 82.44 0413
4 4.24 0.037 1.12  86.83 0.327

1) 1: YOLOV4-MobileNetV3; 2: YOLOV4-GhostNet
3: YOLOX-Nano; 4: Improved YOLOX-Nano
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Fig. 10 The loss curves of different pre-training datasets
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Table 3 Effect comparison of different parameter initialization method
SRR T éﬁ%/ﬁﬁ I ﬁwﬁ .
Parameter initialization method Germination stagf Growth stageﬁ : Leaf-expansion staie mAP/% mMR™
AP/% MR AP/% MR AP/% MR
Kaiming #4684t Kaiming_init 41.68 0.76 46.94 083 36.09 0.85 41.57 0.813
IEZZHI6 4 Orthogonal_init 44.69 0.79 4512 0.80 37.52 0.83 4244 0807
IEA X AAHI46 10 Normal _init 80.06 0.45 7270 0.57 71.17 0.60 74.64  0.540
VOCH#i 4 VOC dataset 87.36 0.32 8537 032 83.19 0.39 85.31 0.343
COCO%#E£E COCO dataset 87.96 0.30 86.84  0.32 85.90 0.36 86.83 0.327
R IHHE L Orchard dataset 87.42 0.28 87.19 031 89.58 0.33 88.07 0.307

a: IEA M A0 EAAL; b: Kaiming ¥J444k; ¢ IEZWITA1L;
d: COCO #¥54E; e: VOC Fudli4E; £ Helul Fs 4
a: Normal init; b: Kaiming_init; ¢: Orthogonal init;
d: COCO dataset; e: VOC dataset; f: Orchard dataset

B 11 TESEHEL T ENIEHEE
Fig. 11 Class activate maps of different parameter
initialization methods
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Table 4 The effect analysis of orchard dataset

X i 2F A=K e
T SR 45 . . )
Germination stage Growth stage Leaf-expansion stage  mAP/% mMR™
Pretrain dataset S 5 5
AP/% MR AP/% MR AP/% MR
B # 5 # Orchard dataset 87.42 0.28 87.19 031 89.58 0.33 88.07  0.307
HHHAE F e 0 HE4E Citrus orchard dataset 89.12 0.31 8541  0.33 86.89 0.38 87.14  0.340
FHAE R 5 VOCTR & 3 4 88.36 0.33 85.98  0.33 86.61 0.34 86.98  0.330

Citrus orchards and VOC mixed dataset
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