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C2f BEHLHEATEH ; YOLOVS-n+m F2R %45 n AN FIEH
m A~ C2f B[R] I . SO0 45 AN 3R 1 .

K1 FMABEEHE C2f DWR HISLIHER
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Table 1 Experimental results of adding different
amounts of C2f_DWR

K 124 R/ F1/ mAP s/ mAP; 5 o 95/ FPS/
% % % % % (Wi/s)
YOLOv8-1 86.0 87.8 86.89 93.2 63.3 61.35
YOLOv8-2 85.7 88.1 86.89 93.3 63.4 64. 25
YOLOv8-3 86.1 87.8 86.94 93.5 63.7 65.76
YOLOv8-4 85.9 88.0 86.93 93.4 63.5 68. 96
YOLOv8-3+4 86.3 88.2 87.24 93.5 63.5 63.71

2 1 a0, mEEA Cof B S8 FPS T
K, H B C2f AR A7 & 23T SPPF Bk | Ak

PETF R Ry B S R I, AR SCAR R Sy T R S BRI 4 g
FET 118 [T EF AN 52 i HAG I 6 B, FFH C2F_DWR X i
J& 2 A C2f BEHe AT R 46, £ B A% T 4 b - 4 A
U3 R

3.2.2 HRRERLER L HH

SRy JE 7N A SO S SR ARG ) (18 45 T A SR, 36 B
YOLOv8n Ay JEER L | IR0 AR SCHR H O R it A
FEE Eon DASE IR, HEAT I Al S 5, SIS 2 Rk 2
FT7R.

F2 A FORTEFET ML 5] A C2f_DWR #42
Yo EMA 2 AU B 228 R A SCHE H Y Rep-
YOLOvS 45 ¥ % i J5 i YOLOV8 #if; ¢ o K M
Inner-SloU 1F A4 FLAE [a] )7 @%&;D FRTESE T
FBERH b PEAT F A 5 B 7R AE MO 0 R ) 5
A Inner-SloU #14% BREL ; F R 7E 00 3 T R 25 a9 ]
51 Inner-SloU $ 25 BR % ; Ours 78 %} YOLOv8n
MR A SR . R 2 mET A AR R A
REDFE BRI A KiEEE T ;B SEHL R Al mAP P J5 18 1Y
BTh ;¢ 5IRA M L, Bk FPS AhH 4338 bn 4 1 41
Tt D 5EIR R EAH H, mAP, S Fl mAP, S, o5 73 il 2
T+ 0.9 F10. 8 INEH 5 E A mAP JF1 mAP 5, o545
$EFF 0.8 F10. 7 N EH 5345 F fH mAP s F mAP 5 o5
SrHIEETE 1 AT0.9 ASE 43, SEBER FPS A H AR
PRI LT ; Ours 76 PRIEA I 52 B M T EE T, P
R, mAP, . mAP,, o A1 F1 {H 7 %] N 86.1%.
89.2% 94. 0% .64. 4% F 87. 6% , KB/ 48T
JRURREARL | BEAS (0 i SR AG I AT 55
3.2.3 RRBEEEIERER L 5

SRR AR SCRR W B RO R 5 48 5 R E
P I 355358 X6 A SR R B B EA T I 2, 15 31 A
AR J5 AR A T I, S5 2 a3k 3 .
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Table 2 Results from ablation experiment

LAY [267i 3 o ) )11 S B % (N P/% R/% F1/% mAPg /% mAP 5 g o5/ % FPS/ (/)
YOLOv8n 86.5 87.2 86.8 92.7 63. 1 70. 63
A v 86.3 88.5 87.4 93.6 63. 8 61.35
B v 85.5 87.7 86.6 93. 1 63.5 61.73
C v 86.4 87.5 86.9 93.4 63.6 70.92
D v v 86. 4 87.7 87.0 93.6 63.9 53.76
E v v 87.2 87.1 87.1 93.5 93.8 59.52
F 87.2 87.5 87.3 93.7 64.0 61.35
Ours v v v 86. 1 89.2 87.6 94.0 64. 4 51.55
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Table 3  Results from comparative experiment

Faster-RCNN 58.8 937 720 8.2 17.96
SSD 87.8 549  68.0 826 2562
YOLOV3 86. 1 86.0 86.0 91.8 21.73
YOLO5n 85.2 8.3  86.7 92.4 6577
YOLOv7-tiny 84.9 882 865 92.6  46.29
SCHR[ 17 AR 85. 1 88.5 86.8  93.0  58.82
SCHR[ 18 AR A 86.0 88.6 87.3  93.2 58 14
YOLOv8n 87.2 875 87.3  92.7  70.63
Ours 86. 1 89.2 87.6 940 51.55

M2 3 AL AR SCHVE Y R & T R Faster-
RCNN LA 7 A7 5.3, {H Faster-RCNN [ F1 {552
1 A SCEEAE FIL A mAP, ISR 3 i 55
BR[17-18 JAHLL, R FPS $8454h A SCR A LA
P AHA TR ABE AR | AR SRR A AR T A 00 T B 4[] B
BSZELT R F1 T mAP, FEARAHRE T 25 R AL
SRVEAEIEA TSR] B ARG DUAT: 55 5 R 815 PR3 R 4 A
PERE AR A | 5 SR DL R A
3.2.4 REERKEFHAILERLERE S

HH T4 3 04 39 SR R — 1 2 A T L LS A )T
P, TR AL a8 AT N B2 TAERRES, B0 E
AR SCHCHE SR AN [) SR S S s 0 A T 8 SR R
B, 2 N AN ) SR SR DA . B T RS AR
REDAS 55 5 0 AR SC Rtk B8 1 5 R0 B3 vk =2 ) 1) 25
S Iz 4R 53 R 3 25, il A E R
(B AL f 2~ 10 D) AR & (K
PR AL 11~30 2R R R 755 (i ey
A48, IF HO 13A 3 2850 M0 R R AR
JE 53 0 IS AR FR G f B3 3] 3 AN
Bt B B9 B SR R G SR AR el gt
J& 2 F 7 2 A TR ARG I G5 , 35 0 Dk 25 SR an 1] 8

a. T

39

Fi7R.

K L3R A A R E SR T R e e A 7
R 803 4 K REFE bR, 3R 4 7AiMk
D Z2AJE TN 2 4 32 SR, TCI8 2 LA AR S
J,2 PO A IR 25 S EL A, B SR SR H AR
WS, AR SR P B A 15 LUR B, R 501 S LA
KA OL T, A SO 10 A 8 b 43R4 T 72 iR
BRUWG s, R SCHEIER PR, mAP,
mAP o o 2T HRETF3.5.8.4 1.0 Fl1 2.8 N EH 40 A,
MAER BRI 5o, h FRIBE 50 R 5
CRHIE , ARG DU AT 55 AR A5 RIME | SRV AS SO I 7
AR DT G A AL (B H A T8 b5 5 B G 3R AR L
PRFROR W2 UL R mAP Fl mAP 5 o 57 1|42
F+18.6.8.5 Fl 4.7 AN EH . LA EEREW A CH
RIS A 2 IREE T (13 A I, e R A X 4
P RKIAEE T B SRAI, MEREA W IR 10E T
HAEARFEREH T e

&4 YOLOV8 AT EX A EHEXRMIAFER
Table 4 Recognition results of YOLOv8 before and after

improvement for apples with varying fruit counts %

R [RIK=R7R P R mAP s mAPy 5 5
WA YOLOv8 97.6 83.6 93.3 80. 8
- Improved YOLOv8 99.1 83.7 95.4 83.9
A YOLOvS 95.5 79.5 92.6 76. 1
- Improved YOLOv8 96.5 90.1 92.8 76. 4
, YOLOv8 82.0 73.7 86.3 50. 4
B
AR Improved YOLOv8 85.5 82.1 87.3 53.2
. YOLOv8 87.4 91.8 90.9 82.8
LA
AMAZA Improved YOLOv8 84.3 87.5 91.5 81.8
. YOLOvS8 85.3 76.7 86.2 60.9
S 4
A Improved YOLOv8 87.3 78.0 88.3 63.3
RS YOLOv8 89.1 54.7 68.5 43.2

Improved YOLOv8 85.7 73.3 77.0 47.9

b. Sk

8 YOLOVS Gt Aij Je Mo A [ 450 32 S5 iy A 25 S

Fig. 8 Detection performance of YOLOv8 before and after improvement for apples with varying fruit counts
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3.2.5 ANTFEEE ALK

hy it — DB UEAR SCHIT SO B 1Y B A M A
PE, FF 7 kaggle FF 6 %4 4f8 2 b T 4 apple-single-
object-detection 2\ FFEHE A AT 5L 00 2 B AR AL 7%
4 733 FRAIRECE AR FREE A (] R A A ) 2%
PF T BSEARR I, TR IR SR I 8 1 - 1Y L it
FrNgrte A A RIE L A T ALK 43 S0 28K
5 ERIIR OB, SR ATIR AR 5 R 3R 5 45
SRR A SR BT iz .
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Table 5 Comparative experiment results on public datasets
%
Tk mAPg s mAP 5 ¢ 05 p R F1
YOLOv8 90.3 72.8 81.5 84.9 83.2
Ours 91.6 74.0 86.3 83.9 85.1
4 #ig

A SCEF RS B AR R 7R S 4 5T X5
SR G FAR B M 1 R 22 A IR R, B — b T
YOLOvS8 46 I 85 3% iZ r ik e X T Y PR,
mAP,  .mAP, s, os 1 F1 {54535 5 86. 1% . 89.2% .
94. 0% 64. 4% 1 87. 6% , K il B AT 35 51. 55 Wi/,
REARPERROL T X He 51, BEAS 7E PR IR 52 i M ) i 4
TARBREFR SR B HERR R, A SO R TR 1R A
LGOI KA.

Rt — 2 B UEAS SCRE B R AN R 2R
SEE H YT By ek R R A PR RE X L L A5 R
FW UGN 223 R 5 8 A SR, To i A EA
AR S H mAP s .mAP, o o IA/NIEEE E I TE
KGR A SCRR LT &, Rl & 7E
RBATAIGIAEET | A B 52 90 A e B2 1 58
TR S W WA T s 5k 75 A T
Bllnse B T A R A CRE R Az
g .
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Apple detection in complex orchard environments
based on improved YOLOvVS

YUE Youjun' QI Xiao' ZHAO Hui® WANG Hongjun®
1 School of Electrical Engineering and Automation, Tianjin University of Technology, Tianjin 300384, China
2 Tianjin Key Laboratory for Control Theory & Application in Complicated Industry Systems,
Tianjin University of Technology, Tianjin 300384, China

Abstract To enable harvesting robots to quickly and accurately detect apples of varying maturity levels in complex
orchard environments ( including different lighting conditions, leaf occlusion, dense apple clusters, and ultra-long-
range vision scenarios) ,we propose an apple detection model based on improved YOLOv8.First,the Efficient Multi-
scale Attention (EMA) module is integrated into the YOLOvS8 to enable the model to focus on the region of interest
for fruit detection and suppress general feature information such as background and foliage occlusion , thus improving
the detection accuracy of occluded fruits. Second, the original C2f module is replaced by a more efficient three-
branch Dilation-Wise Residual ( DWR) module for feature extraction, which enhances the detection capability for
small objects through multi-scale feature fusion.Simultaneously,inspired by the DAMO-YOLO concept, the original
YOLOVS8 neck is reconstructed to achieve efficient fusion of high-level semantics and low-level spatial features.
Finally, the model is optimized using the Inner-SloU loss function to improve the recognition accuracy.In complex
orchard environments with apples as the detection target, experimental results show that the proposed algorithm
R mAP, ., mAP_ .., and F1 score of 86.1%, 89.2%, 94.0%, 64.4% , and 87.6%,

respectively on the test set.The improved algorithm outperforms the original model in most indicators, and demon-

achieves P

recision 9 ecall »

strates excellent robustness through comparative experiments with varying fruit counts, offering practical value for
applications in addressing the precise identification challenge faced by fruit harvesting robots in complex environ-
ments.
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