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Real-time Instance Segmentation Algorithm for Tomato Picking Robot
Based on SwinS - YOLACT

NI Jipeng'? ZHU Licheng'? DONG Lizhong'? CUI Xuezhi'> HAN Zhenhao'> ZHAO Bo'~

(1. Chinese Academy of Agriculiural Mechanization Sciences Group Co. , Lid. , Beijing 100083, China
2. State Key Laboratory of Agricultural Equipment Technology, Beijing 100083, China)

Abstract; In the facility tomato planting environment, the accuracy of automatic fruit picking can be
affected by overlapping and occlusion of fruits. An instance segmentation model was proposed based on
YOLACT to address this issue. Firstly, the categories of fruit overlap and occlusion were subdivided, and
the dataset of this type was increased to simulate real picking scenes and improve recognition accuracy in
picking decisions. Secondly, the Simple Copy — Paste data enhancement method was employed to
enhance the model’s generalization ability and reduce the interference of environmental factors on instance
segmentation. Next, based on YOLACT, multi-scale feature extraction technology was used to overcome
the limitation of single-scale feature extraction and reducethe complexity of the model. Finally, the
Swin — S attention mechanism in Swin Transformer was incorporated to optimize the detailed feature
extraction effect for tomato instance segmentation. Experimental results demonstrated that this model can
alleviate the problems of missed detection and false detection in segmentation results to a certain extent.
It achieved an average target detection accuracy of 93.9% , which was an improvement of 10.4, 4.5,
16. 3, and 3.9 percentage points compared with that of YOLACT, YOLO v8 — x, Mask R — CNN and
InstaBoost, respectively. Additionally, the average segmentation accuracy was 80. 6% , which was 4. 8,
1.5, 7.3, and 4. 3 percentage points higher than that of the aforementioned models, respectively. The
inference speed of this model was 25. 6 {/s. Overall, this model exhibited stronger robustness and real-
time performance in terms of comprehensive performance, effectively addressing both accuracy and speed
requirements. It can serve as a valuable reference for tomato picking robots in performing visual tasks.

Key words: tomato fruit; overlap and occlusion; instance segmentation; YOLACT; Swin Transformer;
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Fig.2 Tomato fruit samples under different conditions
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Tab.3 Comparison of backbone network experiment results
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% % % % % % (f+s™h)
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Tab.4 Model performance comparison

mAPY/  mAPLY/  mAPLY/  mAP™/ mAP™/ mAPI‘/ eI E/

[ ERuEE 7 s B S 4t
% % % % % % (f+s7h)
YOLACT ResNet101 83.5 98. 4 96. 6 75.8 98. 1 91.6 26.8 8.5130 x10"  5.374 x 10’
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Mask R — CNN ResNet101 77.6 98.0 93.3 73.3 97.8 90.0 20. 8 1.3967 x 10" 6.275 x 107
InstaBoost ResNet101 90.0 98.0 95.7 76.3 97.0 88.2 19.6 2.4478 x10'""  9.580 x 107
SwinS — YOLACT Swin — S 93.9 98.7 96. 8 80. 6 98.6 94. 4 25.6  9.4420x10"° 5.656 x 10’
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Fig. 13 Comparison of feature maps of model backbone networks

SwinS — YOLACT #y# M 45 % T Swin — S 451k
W, B A3 2 Ry i i = HL A e o AE R
Je R TE B AL, LhAL BN R ROBE B A5 R o HORE
B Z2 A /N BEAT THR, I AR JR TR A 42 R
AT R H . MECT YOLACT \YOLO v8 — x|
Mask R — CNN . InstaBoost, SwinS — YOLACT X 3% 7
FAR B AT SRR SCTE B2, 28 1 % 13 3 Bkl
AR DI 34, L3 0 A0 9 AR 4 RO i R e
2.2.2 SLEGEIRNT I

Shy 56 VEAS TR A SR el 52 2% B 05T 00k A i i A
For i 55 43 0 vEE AR P, DA SR R T BB O A R AT
At IR AT S 5 T 14 SRy AN [ A AL AE AN [
S FRSEIR A . K 14 s DUR B, 76 2 2% 2%
PET R SE R A7 7E ol Y (45 RSkt SRS
T A AT ) 00 JEE Y DL R SR S R) AR HLEE R ) 1 O,
ARG I ) o Aty 38 R 52 B 20, el T O IR R A A
P 2 7311 1) 2 e 2 748 A I T LA V5 G , 4 9 A ) 3
JIYXERE s U, R AT il A 3R B 5 2R T R B Y
FE SCRADGCHE AL, YRR R 2 HE AR
A T, RS I AP 2R R 2 32 B — i B S

e R 43 B 4 AR 2 528G, SwinS —

YOLACT #5552 451 73 FI RO e Az , 42 7 B0 1E 4
7 A 4 Fi #5580 34 Hh B8 4G . YOLO v8 — x 4 72 |
PR T AR SRS 23 2 45 2 i DR A D Il AR JE 5 2
#it s YOLACT F01 InstaBoost ¥4 47 £ il 2B 43 08 4 7%
TR A Ry FRLA A B 14 2 30, I EL AL 4 3 b i iR
5 A R BERAGER J iE 45 7 ili s Mask R — CNN K22 B
G ST 43 JHE 4 7 5T 1R ARG DAy ol AR S 4 7 o

TE JRCAT 0 S 1Y R RS 7 1 AR 2 S B v
5 bR AU 2 Rk Dy S50 R R T 3 G P R
SwinS — YOLACT Hl InstaBoost 5 % {4 22 ] 43 1) &k 5
B LT T T A 0 A S 3 3 4 £ 3 i

TEAR B AR AR 7 3 $4 4R 26 52 56 v, SwinS —
YOLACT 1 YOLO v8 — x #5 B i) S 451] 73 H OR e fE
A T TE A TR AL 3 R R KR A B AR AR IR
T it 1 G FRE A AR SAT 3 JE  7 k

TEAR TR T BEPHARZE 526 v, 5 RS AY 1) il Dy 93
I, SwinS — YOLACT #5583 i1t S 451 43 #BOR B Ry S8 8

TE SR A 1R A 0 32 (Rt 2 L i 2 4 3
PR BB R AT B ) AR 45 S5 P, SwinS -
YOLACT #5551 ) S 451] 7 1 ROR S A2, 4 v UM AE
1M H Al 4 FbBE RS 85 1Y B 2R K65 YOLO v8 — x Al



510

fRZCME 2 . 2T SwinS — YOLACT 78 fili R 4 AL A5 A S INF 552 3] 4381 3 vk i 5% 27

SwinS—
YOLACT

YOLO v8—x

YOLACT

InstaBoost

gl S AR SRR TR

R AR A T

B 14 NIRRT 78 i A A ) 202 X L

Fig. 14  Comparison of tomato maturity detection results under different conditions
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