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(U R AIE 7 2] 5 Rk se i) iz g T RSk H bk
m, ERREg R FERE RS2 ER, TR
W RGBS T LA A . ltn, ks HE e R
BT ZA B AR A, B S S SCL-YOLO11
@ I 5l N C2f SimAM 7 & /1B 5 CMUNeXt K #%
WREER BB, BRI B R S 205 99.61%,  [A]IN) [
T MR, 2578250 32 ) YOLOVS-PBI #2715
A PConv ( partial convolution) « BiFPN ( bidirectional
feature pyramid network) 5 WIloU Ll 5, 415 AL E
WD T 46.22%, RT3 43 Wi/s, ARG E TR
SLSIIE AR R UM R N Hia B RE, A
REAL R U FE it 7 B R S . YANG %P3 1 1) CA-
YOLOVS 4 & X Fr Ak 4 785 4540, fEAN R B3RS
R SE A W A E] 89.8% I mAP. N HE T X RERE I
TR SLIRIAE f1, GAIZ T ¥ YOLOv4 H (1 45 7 b
FHES WO T, 7EPERRAL I - mAP $2FF 15%; DU
2B P DSW-YOLO #EAY, 5] N A28 5, 16 H 4
RS I o SEFL 86.7% MY mAP. R &P B sk
MRW-YOLOVvSs 15 24 %f 4 %) k47 B Ax 100, @it 5] A
MobileNetv3. Abrid /It RepVGG Block & WloU
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WREE, SEH T 7.56 M ZH0E . 10.03 ms A& i 4E
F197.74% ) mAP, #H#E i YOLOvSs 15 Y ¥ F 2
232 ANE S, EFERTE 6.13 ms. Bk A U0 i ik
i YOLOVS %5 ¥4 3f-5] N\ Transformer 5 BiFPN A&, fif
Bk R 2R BORE BRI 2.9 N 4 AL IR R T B
F Android °F & . JIN Z "R H CO-YOLO #5 74 ] -
IMZE RSG5 MMA 5 DPW £, 7ERIRIA/N
W 77.1% 1) F B, mAP@O.5 % T+ 4.8%, it T
YOLOv7-tiny. YOLOV9s 25 F=Jiifs /i, SUN 2512 # ih 3
F YOLO-FHLD {4 $ 5L BRI 7%, SR A C2f 1
Bl HS-FPAN #RERL G, 454 Focal Loss 5 511R 7518,
ZJ7AE F1{E$RTEE 79.48%, mAP 5 % 85.40%, #
AR A 3.51 MB. REN 09 5T YOLO 22 #y i &
GhostNet # 5 M %5 5 EMA (exponential moving average )
TER ML, #E YOLO-GEW 7Y 3 76 BL 5 sz A i) 1
L F 88.83% (FAEE . LIU 2 78 YOLOVT H1 5] A A8 #x
TR SIS BloU #5128 B2, 7E/NEE BRI - mAP I
BRI T RIFIZEE, 2AEF] 80.4% F 73%,
WSRO AR BT R M N RS J1. 78 RN /N H AR AN 4
RSy, LV 20 88N BRI 2 5 e HEHL
Hl, SEILAIBELEZS 93.04% IR MER R, FAN 2500 44
4 YOLOVS 5 i BiFPN 4 #4), 7 4l bk wi SR A6l o He
5 98.4% ) mAP. WU 271 32 ) D-YOLO %4 %
MobileNetv3 7E A TR 4%, @il fl& BiFPN 45 i) 7F &
R RS IS T 89.6% A .

RUE L3 30 B bR 5 i 2 R B SR AT 45
HAg 7R ERRE, SR T B SR R IR T ik ik SR 5k
WAL, BIEREMSEBEMES RS ST, DNEHR
I R SRS R ORI A5 5 A A E — 2 R, &
FOHME DL E 4838 e SEBR A BBk BRI AT 55 ik, A
P — AR IE T I YOLOVS 90 25 A5 5 g B el B4 355 e ik
RSRRE, DIER ARG PSR, &
(10 R S AT

1 #HR5EZ%

1.1 HIRERES R
111 #ELEEs

AHIE 5 B G BE T 2024 4F 7 A& 9 HAEILARA
R 358 T Bk 7] 4 s Bk o 32 b SR £, SR S B A i
215, RELES, HBAKRH SONY Alpha 71V #
FE4/24-70G Bi Sk AHHLIR B R 45 BB FE AR, LoR4E 1305
W& B HE RN 7 008x4 672 15 2 sl G . G EdE
MR BE 2 FEME, AR 9 B 13 B & 17 B, s
HAG TG, WL EMOe%E %M. Wk 1 P, 4
HREHEARN DB NG ICRRLEAFAEE R %
8£) RERPIRES (HMEE . RELB) NGB .
IR SR S UG KA R T E 1 Ts. FEBE FUAL B B,
BRI 07 75 5 F-Fe bl 2 3 SUW B GEOR 0 &, T
NTREE, RAGRE 1243 18R ESHK K PG &R
K%, 1ENIEREE.

R 1 BIEKFHENT

Table 1 Distribution of dataset characteristics
B K73 pr e o fi bk
Category Definition Quantity/7k Proportion/%
- ti7 =R _
s}%b e Fir<a 1 131 10.54
parse scene
st iy b =
s L 5 4~10 4 964 77.53
Moderately scene
Y
b 5 >10 4™ 148 11.90
ense scene
. %‘E{ﬁ#‘. 10U<0.25 834 67.08
Slight occlusion
i R
Moderately occlusion 10U 0.25~0.5 377 3031
BB ToU >0.5 32 2.57

Severe occlusion

c. Wi

b. iz B
b. Far distance

a. ROl

a. Slight occlusion

. ) AT P,
e HE £

NS
d. Severe occlusion
B 1 REFRST R FE B R T

Fig.1 Example image of flat peach fruits in an orchard

e. Close distance f. Front light

environment

1.1.2 ZK3BEAE

JRRAR ARG B 5 30%, R Labellmg T H % 5
R B SR S AT N TR AR bR, JEAE RO B H bR
O EARKFR 5 5 RS B TXT A& R0k, e B
PR — 432N peach. G, 1ZHIE 7:2:1 L@l 2 Al 2k
GH. BEAEEFPML; SR)5, f#H Roboflow V- & % K4
BPadt AT 7IRACEE, R EARE e . . AR
DA Mg P P 2 S i o S sm s R i 2 Fo, &4k
LB 26105, IUEEE A 2495k, WKL E A
124 5K, SFMNARZEEE 58 18 624, 1739, 861 4,
1.2 £TF CCGs-YOLO B4 =8 i idk
1.2.1 YOLOvS B Arthm| 4 A

YOLO R A RAEAEY i t™ o5 de gt 1
SEPRAGEO) iz N IS 2 R . YOLOVS K 81
BT O T B HE B T E R 25 X6 55 4 O AL, (5645 BH 14 A B 1
FEARTI SIS o BC SN 28, SEPL T 3 B 50K P 2 [A) () i
AP, YOLOVS H1 4 M EEHMA A MAE. =
T2, AN SR . H N JE B 5T B AL BN o
FEF WS HATRAETREL, S0 7 A AN B FRFE,
SLFER U 67 5T T B AR PR BASE . YOLOVS #2 {24
BRA (n. s« m. 1. x), & YOLOv8n BB AHE
BOFEARWITH R R 4B, BB s R, Rl
FERR, fEVFEBHIR. SERTET A E B IR
YOLOV9. YOLOvIO /% YOLOvI1 %5 A A4k #E , 15
HAE M AR PR e v, ELTE AR b SR S A W 5 Iz B o2
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W RP ISR A A PR . 255 % R R R () i 3 . Fa
EME, AHFFOR YOLOvV8n AJEffifs Al ,

- [ a3 Y L
. WA T ) e, 2R ST XA

N -

. B b. 4 iEE

c. ¥
a. Original image b. Rotation and shear c. Crop

e. o 0T [T )

d. SEEEH R
d. Brightness enhancement  e. Gaussian noise f. Mosaic

B2 AR 52 R ARSI IR BOR T )
Fig.2 Example of image data enhancement effect on
flat peach fruits

122 CCGs-YOLO B #rtem42A

YOLOVS =+ W 4% o R F C2f A5 B 3k AT FR AE 2 HL,
REBETE R 500 N A SR BURFAE ,  {EL7E Ak 3 Gk ok IR
LSS, H S KN H AR IR R AR SR, AR —E
JABRYE. CCGs-YOLO J2 2% T YOLOvV8 ZE 4 ) etk ,
WL EE RN 3 BT

I

I

|

|C2f7C0nvF0rmer I 3
CGLU |

I

I

I

| I I Conv [ 2d ) 2d - 2 3| Concat 3 Conv

| Conv I |

I

| o e Sy

I

| |C2f7ConvFonner I l |C2f7ConvFom1er| I | |

| CGLU | | CGLU | l [l l |
73 7

| | Conv | I Concat | | Conv | I I | Detect | |

| 72 I I L I | |

(C2f ConvFormer] |

| “CGLU | Upsample | |
73 | 7

I Conv I I |C2f7ConvF0rmer Concat | I I I

| CGLU | |
o3 | | 7 T

| | C2f_CaFormer 3 Concat |C2f7ConvFormer | | Detect | |

| CGLU - C%U | I |

| | Conv | | Upsample | Conv | | I

| ' |

| ' |

| ' |

| ' |

I I

vE: Backbone FIR ET M4 ; Neck KnEIN 4% : Head 37s Sk M 2% ;
SPPF Jy Btk i1 73 ) 4 - Bt A A B .

Note: Backbone denotes the backbone network; Neck denotes the neck network;
Head denotes the head network; SPPF refers to the improved Spatial Pyramid
Pooling Fast module.

B3 it/ CCGs-YOLO ML= &R
Fig.3 Schematic diagram of the improved CCGs-YOLO network
structure

R4 YOLOvV8 Ml EL, CCGs-YOLO 7 {47 8 1A 48
P — BRI T, 6T 35 T X 4% 5K 00 ke 3 40 1) S Ao
HAT T O, DA SRRRE R IA B I AR IS B . CCGs-
YOLO X H % H % 5 68 /7 11 C2f ConvFormer 15 Bt Al
C2f CaFormer 1 E 3 17 % #0278 ] E6AE |-, CCGs-
YOLO #E—# 5] N H & JR R A a8 1 10 1 180Uk, BIZE
FiRpihEb S T CGLU R, #ji C2f ConvFormer-

CGLU 5 C2f CaFormerCGLU 5, DLHETHRRAF i 15 7]
HIZIAEBIGE /1. CGLU fetl RS EM R E T /N E A
B S HoORE B CIX I, HRAHITUARGE R, EARE
HMTE RS A B R AT T 3G R TR /N B AR 2R IA R
TREFRE T EREE. RERN LG5 YOLOVS
PREF—E, YR = ERER (2 BT B0 BRI SR EL
LA B4, CCGs-YOLO A % 38 [ REAIE o5 SR
RNFEE, BRI AR 1S B B RS, R AR AR )
Hbr %850 A0 AR 28 1 S5 ) mipk SR Sl nE 55 R I
HH B R 3 L g
1) B& ConvFormer 5 CAFormer HJ MetaFormer f&7
FE G0 Transformer 89X AEAb BE K FH B A AN 57 4
FRIE, EEEREE . AT IR — 8, R0k
T MetaFormer fEZE, J£45 4 ConvFormer 5 CAFormer
(channel attention transformer) , A SiZ P51 2 AR 68 /)
FIAHEHR R K T+, ConvFormer. CAFormer 28 #) 4 I 4
HiR o

Downsampling

L1xConvFormer
block
’ i

D

gl
1

!
ing /o

ownsampl

L2xConvFormer
block

L3xConvFormer
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Downsampling

L4xConvFormer
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L2xConvFormer
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|
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|
|
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a. ConvFormer b. CAFormer

¥£: Downsampling 4 F X 4¥; ConvFormer block 5 Transformer Block A%
T MetaFormer #E 42 (1 #% 0 i1 5 8 70 Norm ¥4 — AL B ;. Separable
Convolution AT 7> F4EF;  Attention A FE B /K #i; Channel MLP
WIE % R IR

Note: Downsampling refers to downsampling; ConvFormer block and
Transformer Block are core computational units based on the MetaFormer
framework; Norm denotes normalization; Separable Convolution refers to
depthwise separable convolution; Attention is used to model long-range
dependencies; Channel MLP denotes the channel-wise multilayer perceptron.

B 4 ConvFormer #» CAFormer % #) 7 & B
Fig.4 Schematic diagram of ConvFormer and CAFormer
structures

MetaFormer J& —F il H AL se S B 404, B 7ER A0
. Transformer RN “4 MR & 4% -+E1E MLP” BT
HeE, HARSSEIRESRFZEA . ConvFormer {F 94
BRITE, E&EMBAEHIREN 5 BERIEALSHIRE
bR R R E . SHRAGAR AR (1D PR,

Convolutions (X)=Conv,, (Convg, (o (Conv,,, (X))))
D
At X N NFFER, Conv,, A Pointwise 7, Convy,
N Depthwise 5 .

ConvFormer EHEH T IR IMMN T, (HHTHL=
R ), HEEMES T RIIFAE— R,
R — R RHE R BLRE 7, AW FL 5] N\ CAFormer fF
N YOLOVS EF M BT %, RESHERIRS
LA G ERE SIPLHI ) C2f ConvFormer fid, FTFH#ETHE
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B RS B SOE BB ARE ) fEREN IR %
JHIE EAREE /I C2f CaFormer #iR, #t— DHEom%} &G
SURFIERI B BE /1. CAFormer 7E B PN BOR FHIR FE 0T
SEGRURERT A, EEWAM B G ARIE A E
BRI, DABE AR K PR B AR I R AR

2) AEREIRET 5 EERN TEEM T

BGRB8 M50 (gated linear unit module, GLU)
PE N — R Rl E VR A A, W shaAs 14 5 NSL s
By, A BT 1855 K 25 X B R AE (1) d A e 7 40
HTUARAE S o TTHE ML I P AN 2R 1 FE 5 135 TT 35 A 3fe
PR, AN T ORI Z AR5 5, NIRRT L
TREA BN 7 — 7 X HE S, SEIUE RE P RRE R %
SR, 48 GLU gtk ae e o R A ma s 2, B
THAEE LSRRG . WE s s, AT el
f£45 GLU R BRI,  CGLU R AiE 38 3 A B 77 [ 145 4 3
FHINTREBHRN IS IREHEER, [F8111EES
AR R, B E RS LT XER, A
MR T AR IR B R = A B R ) R

DW

Li .
inear Conv 33 Activation .
Input CGLU|
Linear .

5 CGLU #iks# & A
Fig.5 Schematic diagram of the CGLU

WE 6w, ARXAERIEFETME LR, &
TransFormer Block A1 ConvFormer Block # [ Channel
MLP L 4y CGLU B, A i g /> HAT 12tk
XA, —XAERNTE R, B &S RET
HAER SO KBV S E NG S, T fEEEYE
FE AT B T FARTE, AT SL I 18 T R AE A B A8 A%
ZAE I AE R BRI S S FE M EI N, A RGE T 7R AE
RIEBENE RS W EBRE I, 76/ B AsA I 7 i,
CGLU @it 5| N B A J7H B ge 71 140, A 8
TE T RIS /N B bR RRAE B 5 Rk R 1. AHELAL S
FIEIER AL, CGLU #5% T A RIE & 243 5= T/
H AR & A

i Norm ‘{Separable é— Norm |- CGLU

Convolution

a. ConvFormer

i Norm | Attention é— Norm |+ CGLU

b. CAFormer

i
i

7E: Norm JyJH—4b 4t ; Separable Convolution A 73 B 45 F1;  Attention
R BE B K. CGLU N & B NI .

Note: Norm denotes normalization; Separable Convolution refers to depthwise
separable convolution; Attention is used to model long-range dependencies;
CGLU refers to a structure that combines convolution and gating mechanisms.

B 6 ##)E 49 ConvFormer #= CAFormer 4 )T & B
Fig.6 Schematic diagram of the improved ConvFormer and
CAFormer structures

3) G Inner-ToU )4 4k BR £
E B FrRMAES A, 32EE (intersection over union,

ToU) J2 1 & FNHE S FSCHE B B AR LI AT bR, st
(2) Fizr. SR, 1E4iH ToU 78 i 5 2 X I8 T AT AEAE A
A R X A HE S HE 2 (B BN ZE e, el e 7 H bR 5
FLIERE, ToU AT RETCIE T 7 IR BWLAE N 4115 I 22 57 . N d
FEAMAEEE, YOLOV8 BRI A TEEH LR K
B Lb—FMER CloU $R ki B, SR, 7EiBHE & 2% 3R [l 2
Berp, SZRHOERS. R ESERREW, BHESE
SCHEATAEME L2 2 B A, CloU 78 3F 5 B |y BR8N,
A RS PR

XTI, ASCHE CloU A 5] N Inner-1oU 1F A% B
B, SSCHEIAE [R5 BRI, AT S A A ) TR e A
#H S HARRH SEE 1PY, Inner-loU @it & FME 5 &
SEHE N EB X I A TR T, Refg Ry ™ E el E S E At
GO IR E R e . BRI R, BRI
RITEIN G I RS 5 F e AR EP). Inner-
CloU 5| N R A -F bt ratio SRe4as il 55, 81 2 4 Bhid
FHHERT LLBIR /N, ratio BIHUETEHE M [0.5, 1.5], A&
BNO0.7, WENWT.

LInner—CIoU=LCIoU+(IOU'IOUhmer) (2)

K H Loy 9 CloU #1256, ToU NSERRAE3FE, ToU™ Hyil
AR R BRI L FAE S H bRl FAHERIAS I
1.3 R F & RITENERR
13.1 KE-FEASHRE

AL AR BT 5 1E R 408 Windows10, CPU A5
4 Intel 19-12900KF, GPU ¢ ‘5 75 NVIDIA GeForce RTX
4090(24 GB), ¥ >IHESE Y Pytorch2.1.0, ZWARTE &
4 Python3.11, GPU Jil i £ &y CUDAI12.6. fEZ %%
BT, Batch size N 32, AN EIME 5 #E3 K 640%640
143, Epoch 4200, Optimizer & AdamW, Lr >4 0.002,
Momentum J} 0.9, Decay 4 0.000 5, A = 4] 46 77 2
A8 FH PN 25 A 2 0% backbone, 2 >1 2 8 Yl S WS A £
T o
132 #ARN 4847

AWK FHFE I (precision, P). Fl. IoU B4
N 0.5 I [FF 2R BE S (mAPS0) . ToU HIE N 0.5 &
0.95 B I PR EEHH (mAP50-95) . Z¥(& (parame-
ters, Params) . F27Y K/N (model size) L K & F5 i %1
(frames per second, FPS) ZE#E#R, X424 4T PEA .

2 HBRESH

2.1 GHAIKIREER

RUHIE CCGs-YOLO #5828 46 14 gk A sk, A
FEF YOLOvS #E 8 5t 11 7 s A yE b ik 36, Z B 51 AN
CaFormer. CGLU X Inner-CloU [0 345 2k s %, PAVEAR
AN [R50 A5 ARG U 2 B PR 2 )

T2 RKH, BTN ConvFormer B f5, 5
B F1{H A 89.96% EFHZE 90.44%, mAPS50 ik F] 96.40%,
BFPmIECH 286.54, 1B ConvFormer 7L 5% R 5 4/
FRAESEHLRE I [RIBT, $2 /T ARG B . k225 A
CaFormer fRH 5, AL F1 AN IELATL) 89.96% i
THZ 90.63%, 1 #4 K5 FE 12 fH mAP50 Hi 95.89% fit Jt &
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96.12%, BRI LR 1Y 5 REAE A5 e ) 7 T B A UK
YER, SR WIBRRAE 357,78, T H % e R SE sk
FEAN S5 & CGLU ML BT OL T, #ERIZN 89.94%, FI
54 90.20%, mAP50 i5%] 96.12%, FFFPWIECHN 266.83,
WA 1192 2 1 B TR $ T O B d B R A R IA B8 T B [RI BT
X AR TS I 1 e — B R F+. 7E CaFormer fHiR &5 &
CGLU MLl 5, 8 2 1 2 A AL (1) 89.07% 2 7+ &
91.47%, F11{4 J+ & 90.77%, mAP50 i — & i & &
96.24%, FHTTFEMLHIHEAL T REEE N RIERE . 7

[F 4 25 5 T, K CloU # ¥ 4 A SCHE HE ¥ Inner-CloU
Ja, 7 mAPS0 B 95.89% #2E T+ & 96.02%, mAP50-95
M 75.81% ET+HZ 75.84%, ot AL H bR E ALK FE
F sifasE . 2B 5] A Inner-CloU. CaFormer 5
CGLU =#J5, UEMIRIETFZE 93.07%, BAIUHAE TG I
331 NES A, FLAEHZEH] 90.87%, $2FF 0.91 NE 404,
mAP50 2T+ N 96.24%. [FEII, ALK /NM 5.97 MB 4
A 4.88 MB, SR 3.01 M B/ E 242 M, FEFb
oM 362.07, TEMERE. BHEAFMHRLEE ST T RIFIILE 5.

*2 HAKEER

Table 2 Results of ablation experiments

it SRS Tmprovement strategy R KN SR =
CloU Inner-CloU ConvFormer  CaFormer CGLU Model size/MB PI% F1/% mAP50/%  mAP50-95/% Params /M FPS/(i-s™)
v - - - - 5.97 89.76  89.96 95.89 75.81 3.01 515.86
\ R - - 5.51 90.32  90.44 96.40 76.34 2.75 286.54
x/ - N - 5.47 89.07  90.63 96.12 76.42 2.73 357.78
\ \ 4.93 89.94  90.20 96.12 76.44 2.44 266.83
v - N \ 4.88 91.47  90.77 96.24 76.42 242 328.38
\ - - 5.97 89.21  89.77 96.02 75.84 3.01 436.82
\ \ - 5.46 90.75  90.02 95.91 75.66 2.73 325.98
- \ \ R 4.88 93.07  90.87 96.24 76.35 242 362.07
e 7 R REBIZREEL, N” RoRE %R
Note: “~” indicates that the module is not added, and “\” indicates that the module is added.
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Table 3 Comparison of test results for different loss functions %
ERPNEE S

L . P F1 mAP50 mAP50-95
oss function

CIoU 91.47 90.77 96.24 76.42
GloU 90.17 90.44 96.44 76.43
DIoU 89.64 90.32 96.21 76.43
EloU 90.13 89.94 96.23 76.30
SloU 91.90 90.37 96.54 76.85
ShapeloU 90.48 90.58 96.15 76.09
PloU 90.87 89.77 96.03 75.94
Inner-CloU 93.07 90.87 96.24 76.35
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Fig.7 Comparison of precision using different loss functions
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Table 4 Comparison with other mainstream model test results

" (Lt P AN SR
=Rl
]\1/?3321 Model  P/% Fl1/% mAOfSO/ mAPOiO-95/ Params/
size/MB ° 0 M
YOLOvI2 5.21 9091 9032  96.10 75.68 2.51
YOLOvl11 5.24 91.35 89.90 96.16 76.94 2.58
YOLOv10 5.50 88.91 89.79 95.84 76.51 2.27
YOLOvS8 5.97 89.76 89.96 95.89 75.81 3.01
Faster-RCNN 108.20 60.97 73.12 89.34 41.29 28.28
SSD 90.61 83.37 87.89 93.67 64.95 11.39
CCGs-YOLO 4.88 93.07 90.87 96.24 76.35 2.42

M3 4 AT WL, CCGs-YOLO #ERi ik Fl 93.07%, #
YOLOvI1 &7+ 1.72 4~ H 73 /i, B YOLOvI2 $#2 7t 2.16
ANE R, RIS R . £ F1 E 5T, CCGs-
YOLO i& # 90.87%, LT Fra X b, # YOLOvI2
FTF 0.55 NE A L, B YOLOVIL 42 TF 0.97 AN 4 .
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Fig.8 Comparison of image detection between different models
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Table 5 Edge computing device deployment test results
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Identifying flat peach fruits in orchard environments using an improved
YOLOVS network model

WANG Chen , MA Chunyue , GUO Xiuru , WANG Zhijun™ , SUN Bo , GUO Xuchao

(1. School of Information Science and Engineering, Shandong Agricultural University, Tai'an 271018, China;
2. Apple Technology Innovation Center of Shandong Province, Tai'an 271018, China)

Abstract: Recognition accuracy of small targets is often required for dense fruit distribution in natural orchard environments.
Therefore, a flat peach detection model based on an improved YOLOVS architecture, termed CCGs-YOLO, was proposed in
this study. The proposed model integrates the MetaFormer framework with a convolutional gated linear unit module. A hybrid
module combining convolution and attention mechanisms was introduced to enhance spatial feature extraction and improve
feature representation under complex background conditions. Meanwhile, a channel-aware module was incorporated to
simulate inter-channel dependencies, thereby improving the discrimination capability between fruit targets and cluttered
backgrounds. Specifically, the C2f ConvFormer module was employed to simultaneously capture local and global contextual
information, while the C2f CaFormer module was introduced to enhance channel interaction and feature aggregation. In
addition, a convolutional gated linear unit mechanism was embedded into the network to improve feature selection capability
and robustness against background noise. To address the small object detection problem in densely distributed fruit scenarios,
localization accuracy was further improved. An optimized regression loss function based on an inner-overlap constraint, named
Inner-CloU, was adopted to achieve more accurate bounding box regression and reduce localization errors caused by
overlapping targets. Experimental results demonstrated that the ConvFormer module improved the F1-score to 90.44% and the
mAP50 to 96.40%, indicating enhanced feature extraction capability. The CaFormer module increased the Fl-score from
89.96% to 90.63%, while the mAP50 further improved to 96.12%, demonstrating effective channel modeling capability under
relatively high inference efficiency. When only the convolutional gated linear unit mechanism was applied, the Fl-score
reached 90.20% and the mAP50 achieved 96.12%, verifying its effectiveness in enhancing feature representation. Furthermore,
the combination of CaFormer and convolutional gated linear unit improved the Precision to 91.47%, the F1-score to 90.77%,
and the mAPS50 to 96.24%, demonstrating the complementary advantages of channel modeling and gated feature selection. In
terms of localization performance, Inner-CloU improved both mAP and model convergence stability compared with the
conventional CIoU loss function. After integrating all improved components, the model achieved relatively better overall
performance. Precision reached 93.07%, representing an increase of 3.31 percentage points compared with the baseline model.
The F1-score reached 90.87%, while the mAP50 achieved 96.24%. Meanwhile, the model size was reduced from 5.97 MB to
4.88 MB, and the number of parameters decreased from 3.01 million to 2.42 million, indicating that the proposed model
possesses favorable lightweight characteristics while maintaining relatively high inference speed of 362.07 FPS. In addition,
comparative experiments were conducted with several mainstream models, including different versions of the YOLO series.
Under challenging scenarios such as occlusion, small targets, dense distribution, and edge targets, the proposed model achieved
relatively superior performance in terms of Precision, F1-score, and mAP, demonstrating improved detection stability and
feature perception capability. Visualization analysis further indicated that the improved model could focus more accurately on
fruit regions and suppress background interference to a certain extent. Furthermore, deployment experiments on edge
computing devices demonstrated that the proposed model could still maintain relatively high detection accuracy and stable
performance under practical application conditions, with the mAP50-95 reaching 88.82%, indicating potential for real-world
applications. Overall, the proposed model effectively balanced detection accuracy, model lightweight characteristics, and
computational efficiency, demonstrating good robustness and adaptability in complex orchard environments. The proposed
approach can provide a feasible technical solution for rapid and accurate fruit recognition in flat peach harvesting.

Keywords: flat peach; YOLOVS; fruit recognition; object detection; ConvFormer; CaFormer; CGLU
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