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W OE: A HAZA TMAREKEMEE R, FERKEES. EEMAE, #2HET —MET RGB-D (red green blue-
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RCNN ¥4 B 2 2 R -9 A8 SR AR 2 s Jl A8 SRR
AIHERR RIS H] 98.92%, ~F¥RERE KK A B (8] 24 0.2 s.
N T HREFEIRAE R, RN ] YOLOvSs B
TR R SR, PRI E LS T 98.71%, g
PG A I [E]4M 12.7 ms, 5 YOLOv4-tiny Fl RetinaNet
FERUAR L, RIS (] 355098020 T 96.39% FH 96.25% .

L Hi [ P Ah Al RGB 806 52 Sz AT R B3k AT
TRAWHTE, BT RERRE, (HRKH 55 e
R GE ML Bk, SR R R R R T, b
X 2 A HAR T . A VH 240 RGB-D AL
oo FCAETE R HORER 2 (1 5 1 5 SE R 1 5 e AL AL
200 e A5 P R 3 T RGB-D 15 Bl & 1%
BRAIITVE, %759 RGB BIE . W IE K1G M4t B4
R 5 EIE RS B, RN Mask RCNN #5284 3
TR, SRR HERE N 98.3%, i H{EH RGB K
1 25 1) Mask RCNN #5278 2.9 AN 43 5. WANG 422
NP EER T A UNROR, M ESIREGEESE
o PGS B et SSD AR AL, %A% ARLLE Ji5 i il A R (4
TES5 R FERFAESEAT TN . 45 SRR B, %07 V0T 18 1R )
FEIEm T RAEH RGB BE SR E EIR . (B, mTH%
2% RGB-D MNUAL A B 5 A8 R B BRI, S BURSE
EUE I R AN R, AP AE— SR B N B HIE = S R T
TREESL . T FL7E 28 4 SR el A 355 o 3R B R B2 R b DA
HES PRI SR, FRAEILE RGB B TRlE,
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TR P BG  7 DX e= AR i LA TS

ASONT BAFHRI 2 A HHE, R — 3T
RRAESREL 2%, 43 AR EUR ORI 5 IR FERFIE, JRAERE
HE 2 B 4 BE 34T 22 IRBERFAERR B o O T BB E T4 A
K/, ARSLAE YOLOVS 8 =F (18Rl E, 454 Inception-
Res i, $2H T —MEEMMISFIERIUNE . [,
BE TR E EUR R AFE 2T, BB EA = B8, AR
i FH — P T A B UL R AR AL & 5 vk, 3G nar
REAFAE RS DXIR A HE AL EE,  7ERFAE AL A 1 72 o PR IR
FE MRS 52, B R SR IR R . e il iR 5
UE A4 A R X 1 AR BRI vl 2% SR R S IR A RO, DA
W19 S BRI 2% SR 1) B BRI R i AR S HE
1 ISR
1.1 BW\HEARE

A YRAR B0 A SR A T A 5 VL T X R e & i
ZREEAE (31°68'19”, 118°89'34"), hZR g% Nk
WESA M, A mMNELSG, BRABBRE. HhER
TEBHIM RS, WK 1 PR, REZMESERR, B
L, AR AR T A . A VGRIG I T B R
H£F 2022410 H2 HE 15 H, RE X %2 Intel Real-
Sense d435f R FEAHML, H T K4 RGB-D Bl1§, &4
RGB-D B4t — 5k RGB G HXT B (1) 1 BE S A R
i R TAEAE Windows10 “F-& _Fik{T, 83T Intel Real-
Sense F Jj #2 it ) pyrealsense2 i % & 7£ python3.8 ¥£ 1%
HIHT AR AL IZAT, REMA R RGB-D B1g, il
I R U T align BB RAIE RGB G 5 FE EE 2 1]
IORFEXT B o

a. JoiEy b. 6 c. 5
a. No occlusion b. Backlight c. Shadow

d =5 e. LY £. [ )

d. Overlap e. Occlusion f. Reverse

|1 hARRAA
Fig.1 Samples of camellia oleifera

N REE ) 2 FEVE 5 AT SEVE, 20 0l R AR T Bt
I MR, HS . ob. WORME RS R R
L RGB-D Elf%, JLRAEF] 8 000 4150 HE N 1 280x720
(1 RGB-D E1%.
1.2 BURKHE

AT 8 000 41 RGB-D EIEH HIFRE R . HEi5.

TREHIEG G, B4 1040 41 RGB-D BUEME N IR IAEL
R . NIF OB NI 640%640 (R ~F R, (EAE4H
K% EBEFLAE R 10 4> 640%x640 1) 77 HEXT 1 280%x720 [
JR UG BG HEATH8T, AR 10 400 41 RGB-D 1% . Fik
R AR E RSB S, 193] 1379 4 RGB-
D EUE/E AR E S, 4~ MCOTDD (multi-modal
Camellia oleifera target detection dataset, ZZHLASIHATH H
FRAC AR SE) o 4K 1379 41 RGB-D E% 11 RGB
EURH H 37 RGB FEASH IS, 48 COTDD (Ca-
mellia oleifera target detection dataset, JH 4% 5 H 5 46 Ml
BPE ), AE LR AN A i N X 55 78 AR 3000 205 SR # 52 m Bof
¥ .

[FJ ST R 1 BRAR R B2 LG R Rl R A AE 1328 S Ak K1)
TP B AR I 5 A R R i), K R A KT
120 m FIME R SMEBEE N0, SRWE 2 iR, Ak
IS YOLO k& £ 4E 4, R Labellmg EI& 45 iE
T HA7E RGB BMG Ll AThsiE. HFARRWTTE B AGE M
RSB RG], R ERRIC R AR R — K EH AR,
H A ARFRVES > HH Labellmg BRI 5. i il B Hdoxt
Bl BRI R A B AR N R TARIE, Bk
RPN R, mA&IFRd 7 8419 MR SL. #Arid
I B BB AL R 41 B LR 3 BN SRS S B uE 4R, Horp
WGERE 1104 4, WRIFEREIE 275 H.

% b. R E&

a. c. B IEJE IR E ER
a. RGB image c¢. Modified depth image
B2 AR RGB-D #4549 T AL T 4

Fig.2 Visual example of camellia oleifera RGB-D data

b. Depth image

2 FERZSESEGHRETRERIRAIRE

2.1 WEFHFRIRANRE

P H AR o RN H bR RSB, (2
LA RGB-D BRI NEERIR, 42 7P E T/
ZHH AR IR YOLO-DBM (YOLO- dual backbone
model) , SiHUWIE 3 Frox. BRI A% O AR R
MBI RMESRIUN 2575 RGB-D U RFIESR LSS,
53 A R EEE RGB-D BUE B RHIE 5 IR B AR, 38
A AERHE SR BUS R, B T AN [ RS 2 P AN TR
MRAEFR Kk, H 7 EIFRRG 2 BSRE, 2T
T MR T B NS P RHE RS B, SR X T
TEFR I 2 42 BB 1) AN [F RS RRAE AT B et &, FRIR
FEALEI ARG, FEAEARRHEE Z @G E R &
Ji, {8 FPN (feature pyramid network, $FiE 473 M
2 AENIIL,, W4 REE RS J5 AN R R AE = 34T
Z REERG, B S/N AR U e
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Detection head
Rl sk

b D - o

VE: BN AHEIH—{LiME: SiLu ABEUEERE: © ABNHRVE:  Attention fusion JiE & IR G HELL; 80x80x6. 40x40x6 Fl 20x20x6 43 HIARFE M 44 A [A] 6 4

ERIIR AN o

Note: BN is a batch normalization operation; SiLu is the activation function; @ is a superposition operation; Attention fusion is an attention fusion module; 80x80x6,
40x40x6, and 20%20x6 respectively represent the size of different output feature layers in the network.

B 3 YOLO-DBM M %454
Fig.3  Structure of YOLO-DBM network

FEb, N AR SR B E T A YOLO-DBM
IR, $RH T — P O B ) B 3 25 1528 YOLO-
IR (YOLO-InceptionRes) , %7 7E YOLO-DBM ] %
fili b, FEBR T ARHIE AL A BN — SRR IR BN 2%, AN ff
H— X F T MEAE RS IR TG, HARE A, A
Ja R S I
2.2 BEWRIFHERRML

YOLOVS5s =& H #ii 4 8 H F B — W B H Asfa i 55002,
FLAEORAE A0 5 PRy ks Y00 K 52 14D [0 B 38 e R 45 5 PR ) ke
FE, 7E J 92 AT gl K B N BN R, A ST AR
YOLOvS5s #5284 3 F W 4% CSP-DarknetS3 1 2: Al k4T
TR e, Wit TR R EA R IR IO %
gifginzz 1 fron. B, fiTH InceptionRes FEAEHE HUAR
PB4 CSP-Darknet53 1 () 58 — A 8 J5 — 4> C3 (co-
ncentrated-comprehensive convolution block) i iE & I %
P, BINZREMGRE. Hk, 26l a2 s iE
B, ANMNEEERE, TR SiAh, TR
InceptionRes R CALIN T2 REE LR, FrLf CSP-Da-
rknet53 # [ SPPF (spatial pyramid pooling-fast, {RiH =¥
[ &It 2 RERGBIR R, MBS ERE.

InceptionRes HH N 40 [ 4 fror, H 4 & AR RE
M7y LGS FHARIH <1 SRR /210 3 AN \ETE %
e, BIKESITES, HonMH 3 MR 5x5, 3x3
A 1x1 BT RE SR L, BRI I — 2% 3x3 R AL IF
B 1x1 BRRICEELERE, 1592 4 MEEBCN c A
FRERFREZ . 85, Zid Concat PHZHEME, KA 2
JFAGEIE R 4c, W2 REEBRE, 25 M Z A
REERFRBVRAGE ST . BT, WSINGRZE 45 M B 13 FE i
22 2 I o A H B AR O S SR IR

* 1 BREWHERENEEN
Table 1 Lightweight feature extraction network structure

JERER BN PEE TR Ml RdiEES S

Layer Kernel size Stride Padding Output size Output channel Parameter
Conv 6x6 2 2 320%320 16 1760
Conv 3x3 2 1 160160 32 4672
InceptionRes 160x160 32 3424
Conv3 3x3 2 1 80x80 64 18 560
C3 80x80 64 18 816
Conv 3x3 2 1 40%40 128 73 984
C3 40x40 128 74 496
Conv 3x3 2 1 20%20 256 295 424
InceptionRes 20%20 256 206 592

i\ | Input, 4¢

|l><lConV,c| |l><lConv,c| |l><1C0er,c||3><3maxp001ing,4c|

[1x3 Conv, ¢] [1x3 Conv, ¢|

|3Xl Conv,cl |3><l Conv,cl

1x1 Conv, 4¢

D

i | Output, 4¢

e ¢ lIEH R Conv A B FE; Maxpooling J £ A it Ak 45 1F ;
Concat AHHERAE: & NBMERME.

Note: c is the number of channels; Conv is convolution operation; Maxpooling
is the maximum pooling operation; Concat is splicing operation, @ is a
superposition operation.

B 4 InceptionRes AEH 45 4
Fig.4 InceptionRes module structure
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2.3 EBNFHERERIR

T TS MM F 22 BB, 8 AR R 5 A
ZEC, RGB BEEE IR, TR, SO 4P
R, TR EGEZ RSB R ESEE,
PIEREIERE AR, el —EREZRE LA,
A TIRIFRBIRCR . R, T H AR R A R
e 7 LA B AN [R5 A M 45 A T B o5 EEANTRD, T B
R R AE 5 R R AL AT M S BN AN &
PRI, ASCHR W T —MEE IR ek, wmiE s PR,
T T AL T DA ASE AR 1 o oG B BOE A Y ORVERE, i
JE—SEMR R T, SR ARG IS

AR JIHL

Spatial attention

JETE VE R SIHLE]
Channel attention

al,

bk Rl
F Average pooling Max pooling  Fiesn Fresp
depih

W Frop AROREE s Fppn NIRERIEE: Fropp NPHER FIRFEZ
Flogp.p MO G Fogyp ARE R IRHEIR : @4
FHAE . Wy ABRKIBALERFIE ;s W, g0 AP ENBACRFE, w, 972 RFAIE P
Wemax ARIRIAAFAL s w0y AR TIIMAEHAL: w, FEE LR E .
Note: Fygp is a color feature map; Fygp.p is @ depth feature map; Fpgp.p is the
feature map after splicing; F;ic B-D is the feature map after passing the channel
attention; F’ ;G 5.p 1S the feature map after fusion; ® is a multiplication operation;
Wiy 18 the maximum pooling feature; w,,, is the average pooling feature; w, is
the spatial feature map; w,.,,, is the global maximum pooling feature; w,.,,, is a
global average pooling feature; w, is the channel feature weight.

B5 EEAIFIAERSARLEAM
Fig.5 Attention feature fusion module structure

FEE 5 Fros BE S IR SR T, Frap 5 Fuopn
SRR R — REER) RGB SIRERHERE, &, FTEALEIE
BN He WHLC, Frep i8I i K MAL AT 2544 452
PRI, 13519 WXL B w2 KA E S w0
FIRFE L, R PIE AINAS 2) Frgp 12 EALE wyo JHIE
FRBRAE, HKT Frgp T ATREAAAE HARXIRBLE,
Wy 5 F M3, SRR ERHE T B Z XA 2. 2
G, KRS R BERFE R 5 SRR Frep HEAT PHERAE,
3B KNA HxWx2C (1) RGB-D FHIE)Z Frgppr B4R
AR T EAE, BRI 20K —4Em &
Wemae T Weagr FRINEAFE] Frgpp FIBIEALE w,, K H
5 Fropp M35, 5Rif 1 B EEE TTHR, HI99 L ROEIE,
FEN Frgppo Wa, A 1x1 BRI Frgp p 34T FELE, 15
BIRANA HxWXC WAL JZ Frgppy 1B B R A T
fEfZ .
2.4 REFERES)IZEER

ARG F 5K Precision 7750 TAF vl AT IR FE
NG S KA, AR E GRS, PR~

Intel (R) Core (TM) i7-10875H CPU @2.30 GHz, 1z
TN AFN 64GB, KETE 4k # 25 A4 NVIDIA Quadro RTX
A4000 mobile 8GB it A<, 1T [E & £ . #K{F i 17 1
Windows 10 (22H2) #:/E &%, FiE FEFLE Pytorchl.12
TRIE 2 2JHESE R A python 1B 5 4’5, 4 F NVIDIA
CUDAI11.6 F:4T18 SIS Iinik il Zx .

gk Z S WG, A e I 2R ik
H (batchsize) K/NH 16, WIS FE N 0.01, FEJE AR
M4 0.01, BEH 0.9, HAERIKECH 1000, K 1B
IERERILE YN ZRHT A BLKIR B 3, fE Gt R4 1T 44
LR, KHT 20 5195 2] A N 0.000 5 312 A5 5 N E)
JRREE 20 o) 212, R R/ INI) 5 2] BT UR A2 5T
2SR 6 B 4, N T R E T,
FEARE YN SR B2 b A ) 7 1 26 5n Bi 150, @t AL
AT, 4. R, R RNERGEmEES,
HUPHER — 3K R AT 4k, EE BRI 2R .
0.010
0.009 H
0.008 H
0.007
0.006
0.005
0.004
0.003
0.002

0.001 +
0

2% 3] # Learning rate

0 200 400 600 800 1000
4% Epochs

Bo 3R
Fig.6 Learning rate curve
2.5 iFNIRER

N T B Rt R, W B LSV R bR S Y,
7 18 BB A R A X A RN AT WU, IRONRE B
5 VR0 R o A R SR G IR ) B AR Ay, DR A
B FE (recall, R). FEHIFE (precision, P), “FIIF
J# (average precision, Ap) FIRFFPAEINE G Mi%L (frames
per second, FPS) 1EAVMFabr. BfRHE LT :

_ Tp 0
P 100% (2)
(Tp+Fp)
1
AP:LP.(R)dR (3)

P T oADK IERE AU DY IERE AT, RITIE R
HFRRSLIIE O, Fp R AR IEFEASR Y SORE A,
RIRBGFN B HARIE DL, Fy R UREA BRI 9 IERE
A, B SRR HARKIE DL .

3 HBRESH

3.1 RENFERENMSEH AR
N T BAIEA S BT R AR R 45 A 25
i COTTD # iR #E AT IR 5. IF 2 il LUFE
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W, R LR AR B 2% 1) YOLO-IR 5 YOLOVSs
FHEE, AR SO RN T 69.27%, BT S %
KT 70.88%, BT HISPINGEE Ao AT R T 02 NE
Ao DS i RS L TE B B 2R — A I B B LR
KA 7 AR B S H R, W T REMSE
PEEU 45 (A 2, N AL T 4 f @ Rt T
TR,

%2 YOLO-IR 5 YOLOvSs A A MR KT L
Table 2 Comparison of detection effects between YOLO-IR and

YOLOVS5s models
Ry ST YR RS RN NS
Model  Average precision 4,/% Model size/MB Calculated amount /10° ¢
YOLOvVS5s 98.3 13.7 15.8
YOLO-IR 98.1 421 4.6

3.2 WEFREHRIAWER

AT IEHRE TR YOLO-DBM 7E £ 5 45 H 48
MRS, AC#HT 7 4 AT, 458 W& 3.
Fr YOLO-DBM (Concat) #8244 YOLO-DBM %Y
TR R TR A R E B O Concat HREAEE,  H AR 451
A, Bk, FCH R YOLO-DBM BRARER M =
IR E BB DL o

®3 TEEGEENRL S RIS NR X EE
Table 3 Comparison of detection effects of different image types

and fusion strategies

wy BLESREERETRR AR

BT BT

B R K i
1\1;[%3:1 11%‘ 7? Fusion Precision Recall A4,/%  Model Operat(;;lg
odel Imagetype ooy Pl%  RI% sizeMB PR

(s
Y%EO' RGB 93.1 945 981 421 0015
Y%&O' RGB-D #lZf& 919 935  96.8 421 0.013
j—_/ 1 Eh A
YS};\?' RGB-D f}%ﬁfﬁ? 946 930 983 572 0015
RHEZ &
YOLOURGBD GEEINL 948 946 984 631 0016
il &

gERWFE 3 fon, TEFRFEE A YOLO-IR BEAY 15 il
T, {fH RGB-D EUEAE JbE B N PRSI 8RRk T
R8T RGB BBAE NG O, BEESPIIREE 4, A
98.1% T FEE] T 96.8%. 5 —LLRWIMBF L R4 T
Z5, SRS A RSN, RS
RS B R R R BSR4 32 R IR AT REAE T A R S
MR R IE R e, o es ., ™ E, F1553E
R BT B R B 22, AE RKEIRESL, s rks L
TERI N Al G 2 AR Ry SR 7S, S EURERL 2 T IR A

TE[FIFEE A RGB-D B E M AL T, YOLO-
DBM #5 2 (¥ 4G I R0 B 8 45 T 404 )2 il & 1) YOLO-IR
PR, BRI RS P ARIR R MR FE A, 43738
T 29, L1F 1.6 ANES R, T KM 6.31MB,
g B P A I FE IA B T 0.016 s. 1) YOLO-DBM (Co-
ncat) %5 YOLO-IR MLk, F5HiRAE Fritm, FEZ
HTRERGESHEE. RESMHEGEE, [F151
WD TR SRR, (ER, BN [ A BT R,
F B FE R R EEFLIIAFAE, T R AE B 4 I T 22 PRI

REFLIX I BAAN E, SRRSO L .. 76 FEE
FRFEE LA G OU R, RT3 D HLH R IE R A 7
T BRI A5 SR LA T A F PR R 1 T, KSR
SABERSHIRTT 02 5 1.6 MNES S, EW T AR
HH I D Rl WL A R

5 YOLO-IR #tt, ACHrEH Y YOLO-DBM ks
MR T, BRSSPy H IR R MR A, 4y
BIEH 170 018103 NE M. SHETHEAMEL, X
R TR 7 R AE 2 X 485 43 ) i BURE B AR AE 5 1R
FERFAE, G T REAE SR BOR BURHIE A S 5 R FE RFAE
HREMT, JRE R A YO R S R A
FRAEM ARG, SR T IR ERRE A NS S, A2
FRRHEE S . KR RN, EWREHZ
RS HE, O] DA iy DL B 5 S At 1 b A 0 A
LR R RV EE
3.3 A [EBFRENRE R AT AL

T HCI A S A I AT 2 RS R 1R A SRR
il 2% YOLO-DBM M s il 2% %, % H 5 YOLOv3.
YOLOvSs PL J2 YOLO-IR % A1 47 51 2 S xf b, Hop
YOLO-DBM 5 YOLO-DBM ( Concat) # % ff F 1) &
RGB-D K%, HApBAEH K Z RGB BI&, XfthgR
wE 7R R . EE 7TERME S R, YOLOV3
YOLOVSs 5 W i 4% [ 7 1) 38 81 50 R o SR sk, T
YOLO-DBM H] DL G X Fis 46, 76 B 7 6 IR AE 3 1 1
BF, YOLOV3 5 YOLOvSs e 17— & FR30 2 1 /)N
H Ax 8 52, 1 ff ] InceptionRes 45 #) ) YOLO-IR 5
YOLO-DBM W] LA &/ B AR I EAS B, (5 [FIFE %
451 YOLO-DBM (Concat) 1T iREfLHITEAE, Xl
ZNHRBHI TR S EE T FRLEENE
T, HER IR E R AR R AR, BT YOLO-
DBM ARG R T3 s B s, H AR T
R R . 28 EATIR, ASCHTiEH ) YOLO-DBM #& 4
A LA IR B SR R B EAMER, b R
SRS SR, AT DAME R A B AR A K S RS ) v
FRRSL,

B B s B L AT sk 4 Fros, R YOLO-
DBM i A {72 MCOTDD %4 45, H 4B A 4 F ) 2
COTDD #(##. YOLOV3 55 YOLOvSs #B & 5 A F It
H B B ARSI AL, AR PRI 8K R #8iE5] T
90% LA b, i ik JE 5 AR YOLO-IR 7E AR R K
MRS/ LT, BUS T 98.1% HISFHIkE B, HL YOLO-
V3 B 2.6 AN 4 s, AN EE YOLOvSs #8 R E% T 0.2
ANE S AL TEORIE R I 3E B B 0 ST T AR () R
o fHJZE 3 MRS H R I T AR, RS
AHAR 2% 5 HBLR A . W E T A YOLO-DBM £ |
WAE Lk iR P. HARIZE R FIFYREE 4, 7 5k 2
T 94.8%. 94.6% £ 98.4%, Xt YOLOvSs. YOLO-IR,
A RS B R e L1 17 AN E 2 A, YOLO-
DBM HE R (S0 K /ANAS & YOLOVSs [ 5322 —, 55,
EHE TR T 55.7%:



180 flk TR (http:/www.tcsae.org)

2023 4F

GEA

Backlight

1E%

Normal

itk
Dense

YOLOVSs
I:‘ TE B R 380 7 SR s
Co

YOLOvV3

rrectly recognized fruits

YOLO-IR

YOLO-DBM

YOLO-DBM (Concat)

Misdetected and missed fruits

B7 R 5% FAE MR

Fig.7 Comparison of model detection effects in different scenarios

T4 TREURB R NHIRITEL

Table 4 Comparison of detection effects of different detection

models
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P/% R/% Ap/%  Model Operating speed/
Model size/MB amoynt/ (s i)
109 ‘(k N
YOLOV3 90.7 91.8 955 117.0 154.5 0.035
YOLOvSs 937 946 983 13.7 15.8 0.017
YOLO-IR  93.1 945 98.1 4.21 4.6 0.015
YOLO-DBM 94.8 94.6 98.4 6.31 7.0 0.016
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Recognition of camellia oleifera fruits in natural environment
using multi-modal images

ZHOU Hongping, JIN Shouxiang, ZHOU Lei, GUO Ziliang, SUN Mengmeng
( College of Mechanical and Electronic Engineering, Nanjing Forestry University, Nanjing 210037, China)

Abstract: An accurate and rapid identification can greatly contribute to the automated harvesting of Camellia oleifera fruits.
However, Camellia oleifera grown in the natural environment has the dense branches and leaves, severely obstructed fruits,
leading to the overlapping fruits. Only RGB images cannot fully meet the required effectiveness of the fruit recognition in
modern agriculture. In this study, a dual backbone network model was proposed to combine the Red Green Blue-Depth (RGB-
D) multi-modal images for the recognition and localization of Camellia oleifera fruits. Firstly, the lightweight improved
YOLOv5s model was selected to detect the Camellia oleifera fruit targets. The YOLO-IR (YOLO-InceptionRes) was
introduced the InceptionRes module into a feature extraction network for the multi-scale information fusion using four
convolution operations of different sizes and concatenation. At the same time, the FPN (Feature Pyramid Network) + PAN
(Path Aggregation Network) module of YOLOv5s was simplified into an FPN module to reduce the network complexity.
Furthermore, the depth and width of the model were compressed to limit the model size for the smaller number of model
parameters. The improved YOLO-IR was achieved in an average progress A, decrease of 0.2 percentage points, compared with
the YOLOvSs, but the model size decreased by 69%. Provide support for building A lightweight dual backbone model was
provided for the building support. Secondly, a dual backbone detection of Camellia oleifera fruit object, YOLO-DBM (YOLO-
Dual Backbone Model) was constructed with the RGB-D images, according to the YOLO-IR. Two feature extraction networks
were the same as the YOLO-IR to extract the color and depth features. An attention mechanism was constructed with the
feature fusion module to fuse the color and depth features, Hierarchical fusion of color features and depth features at different
scales. The attention module consisted of the spatial and channel attention mechanism. Specifically, the spatial attention
mechanism was used to increase the weight of effective regions in the deep feature layer, but to reduce the interference of deep
holes. Then, it was concatenated with the RGB feature layer. As such, the channel attention mechanism was used to emphasize
the contribution of effective channels in the fused feature layer. Finally, the fused feature layer was input into the prediction
module for the prediction. The experimental results show that the accuracy P, recall R, and average accuracy 4, of the YOLO-
DBM model using RGB-D images on the test set were 94.8%, 94.6%, and 98.4%, respectively. The average detection time for
a single image was 0.016s. Compared with the YOLOv3, YOLOVSs, and YOLO-IR models, the average accuracy of 4, was
improved by 2.9, 0.1, and 0.3 percentage points, respectively, while the model size was only 6.21MB, which was only 46% of
the YOLOVSs size. In addition, the accuracy P, recall R, and average accuracy A, increased by 0.2, 1.6, and 0.1 percentage
points, respectively, compared with the YOLO-DBM model with the attention fusion module and the YOLO-DBM model with
splicing fusion. The high effectiveness was also verified for the dual backbone network and attention fusion module. The
finding can provide a strong reference and a new approach for the fruit recognition tasks in the oil tea fruit automatic
harvesters.

Keywords: image recognition; deep learning; models; camellia oleifera; multi-modal; multi-scale fusion
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