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Abstract; Targeting the continuous ripening process of green mature tomatoes after harvest, timely
temperature adjustment plays a pivotal role in meeting the appropriate storage and transportation
temperature requirements for tomatoes at different stages of ripeness. Meanwhile, automatic recognition
and dynamic prediction of fruit ripeness serve as fundamental prerequisites for achieving temperature
control at the right time. A tomato ripeness recognition and temporal dynamic prediction model was
proposed based on Swin Transformer and improved GRU. Firstly, by fusing the images of both sides of
tomatoes, the overall redness proportion as a visual feature was obtained and a dataset of tomato images at
different ripeness stages was constructed. Through transfer learning, the initial weight configuration of the
Swin Transformer model was optimized to achieve tomato ripeness classification. Secondly, tomato image
data at different storage temperatures (4°C, 9°C and 14°C ) was periodically collected, and the initial
color features of tomatoes were combined with storage environment information to build a tomato ripeness

temporal prediction model based on Swin Transformer and GRU. Furthermore, a time attention module
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was incorporated to enhance the prediction accuracy of the model.

Lastly, the prediction results of

different models were compared and analyzed to validate the accuracy and superiority of the proposed

model. The results demonstrated a correct recognition rate of 95. 783% for tomato ripeness classification,
with respective improvements of 2.83% , 3.35% , and 12.34% compared with that of the VGGI16,

AlexNet, and ResNet50 models. The mean square error ( MSE) for tomato ripeness temporal prediction

was 0. 225, representing a maximum reduction of 29.46% compared with that of the original GRU,
LSTM, and BiGRU models. The research result can provide a key theoretical basis for the flexible and

timely regulation of storage temperature considering tomato maturity.

Key words: tomato; low temperature storage; maturity recognition; time series prediction model; Swin

Transformer; GRU
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Tab.1 Tomato ripeness classification
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Fig. 1 Variation of tomato ripeness at different temperatures

1.3 HEmALE

5 7 i 00 PR 5 A AR i 4 R BB R, A
DRUIE 453 W PRI A VI 5 i 250 1E B, >R FH 1A 3 0 23361
T7 1 L BRIEMR AT 5t L 5 404 3 il o8 B LR TR
0 A 18 R T AR SRAFLL (AR R T AR L L R AL
PE TR HO T i SR S8 BE AT O R O 26 O AT
B ve L bR e W AEMA SR R . T8 IFE&
4 73 R 5 BT i 5 3 B RN (R, 0K R 03— 14k
224 (R x 224 {3 LR M U K 4R 7 763
AR A PR, £ 35 2 I 1 280 R, i (38 1 293 Wi,
Fe ) 1301 R, B2 30) 1289 i, e Z0 i) 1 302 i,
2L 1298 Wi o FE ML HCRE S 80% A1 S I 2k 4k
20% 1 iR

xb ok B/ B BCdE, A I 2R 4F B9 Swin
Transformer A5 R PURE A KR M R 1015 B, 3045 &

i CARCR SR B o IR RSN AR BRI 5 R S 4R
YRR Lo R CHOIR S AE B SR BUE T R G R
Ao 7 00 B KRR IR 1 R 2 IR COR A I TR AT R
PEHEE B A S e 2 At R S i A Y I M
fiE ¥ 41
1.4 RHENE
4.1 PHIHEAH

Swin Transformer [f) B 4% 4% ¥4 £ % [y Patch
Partition , Linear Embedding ,Swin Transformer Blocks |
Patch Merging ZH 1%, Patch Partition ¥ %y A ) 7 i K
8o A AN [ E RN B (patches ) | 32 & K& b
Jay # A B A PR BE Ty, Y 9 A AU )R 2 WP Linear
Embedding K 4 4> He e 555 2] — > AR 4E 7] & R,
KR iR R 84k ) 52 X0 Swin Transformer
Blocks J& Swin Transformer §J4% .0 &K 43, 1 3£ T8 3)



216 &l #Hl

Moo= 2024 4

HWHAZ Sk AEE IR (W — MSA/SW — MSA) |
MLP J LN 22 A% 22 i e L"), B2 e %
Tl B AE 32 B, Swin Transformer Blocks 2% #4 41
K2 Fis o

skl ,M:

L 2 zh
LN '—>|SW—MSA}—@—‘—>| LN |—>| MLP }—@—»

\ j

Kl 2 Swin Transformer Blocks [ 4% 2% #4) [£]

Fig.2  Swin Transformer Blocks network structure

diagram

Patch Partition

W — MSA/SW — MSA fifi 1% T #% 30 & 1 #9770
XF R 8 HE A7 40 43, DA A0 T B RN A S .
MLP JZR H GELU 3475 e& 0, T X f A7 91 9647
R MEAR e R R BRI SR IR RE Sy o IR AE I
o 2 [A) A B 22 3 2, AR R R B3, 14 9 A It 3
MURFAEE T, B8 0% 7 — 20 £ HO3E i A BE A Ak o LN
JZ AT X 50 AT VA — e 8 A1, 1 iy A B 19 2 A
SOINARAE , A B T4 Y A 4 T i i A B R AR 22 1] Y
* %, Patch Merging £ Swin Transformer Blocks Z
) AT R SRAE, UGG /N5 AE 8] 14 23 B 36 35 48 fin i 18
B, T S B )2 I AE I F# AE $2 B, Swin Transformer
W 2% 5 R NI 3 TR .

3 Swin Transformer [ 2% 2% 4] [

Fig. 3

1.4.2 FO0 AR AY
(1)GRU £ 7Y
GRU FEAY A0 55 PAOIR S « B 5 IR R A 2 R

R BB AR E R AE RS, &
TR T 220 A 00 5 T — i 20 AR
A1 LT 45 A ) T e B — e 2R 7 1 4
BRI . ORI T e 2 TR A L 2 e 1 4
(80 R e AN 25, GRU M 3o 24 775 45 )
BN v, U — I 20 B W AR A A, I A

Swin Transformer network structure diagram

PTBPIRAS , 9308 1 TR D ok A L
" GRU R4 45 Ky el 4 s .

(2) B fial 7 7% 9 M

X T 7 4 IR U AT 45, BB GRU
R0 T R W L FE 4340 S [) B I6] 25 22 i) 1 6 I A
B AR SC B A B ] VB B He ((Time self
attention) 7 ML T4 AT S A B i i
AU S B ) 25 2 ] 3 O R AR, 2% ) R
[e] I (6] 4 22 1] AR 6 22 0 1 5, T 3 4kt

¢ — K »D o [ >
X &
] ][]
h > >
-1 (
N

Kl 4  GRU W% 25 # 1K

Fig.4 GRU network structure diagram



%3 1

BfE i 55 : 3EF Swin Transformer 5 GRU [ fIG R U780 25 if 5 20 2 8 31 5 A 7 361 000 A 217

S5 4 DR i A B0 H A o) ) A VOB 1) R KORITE
i Q. SRS A 4 A BT SR AT B A A I ) A5
B9 B 4 8, E 1 A8 0T Softmax 2R £ A5 21 4% B[]
AT ERCE 3 A o B, i T R AE 5 )
(3 B, 45 ) 2 p& I IA] A5 O HK 1) g5 2 it o Time
self attention ZEFJ UK 5 7R o

Concat

Time scaled self attention

Linear Linear Linear

5 Time self attention %54 ||

Fig.5 Time self attention structure diagram

1.4.3 BRI R

g TR FITIN AN ] 3k J5 7 A T) P ) Xof 28 T ol 2 )
S, B e PUINORG B, AR SC 45 45 Swin Transformer il
145 76 26 5 o0 (GRU ), 4& H — Fb 2 T Swin
Transformer — GRU () 7 Jifi B 24 B2 PR30 5 B 0 A5
R 3 3ok 10 T R ) 8 A O PR [ R
I 22 [ P ST A 01 I ) 5 510 R A, Xof 28 3l s 320 8 3
7K e R B Fn Bt 4 T, Swin Transformer — GRU
BRI ZE R A 18] 6 FF 7R o

Linear

e

B Bea

Swin Transformer)z |

Kl 6 Swin Transformer — GRU #& % 2t f4) [&]

Fig.6 Swin Transformer — GRU model structure diagram

L5 XBFESH

S T A A TSR ALGE R O AT < A B AR A
Intel( R) Xeon (R) Gold 6240 CPU @ 2.60 GHz
2.59 GHz, N1f 512 GB, #:/E & 4t Ny 64 {ii Windows
Server 2012 R2 Datacenter & 4, GPU T F K
NVIDIA GeForce RTX 2080 Ti 11 GB, i i§ PyTorch
1. 10. 2 .Cuda 10. 2 F1 Python 3. 7. 1 $& H#VR &2 2 HE

BRI Zr R A 4R BT & B8 (IDE) 4 PyCharm, %
RISZYOAH S BN R 2 FrR .

x2 KBEEXSH
Tab.2 Model related parameters

) LG #EAR Ejiis
o A T
A% WM R
Swin Transformer 0. 001 150 AdamW 32
GRU 3 0.001 300 AdamW 256

1.6 {=EIIGIF

N T B R AR (B A PR RO S5 ) D
JEE SRR RN T PR TR AT PEAG o AR 3 R
S A A B, Bk HCE B R (Accuracy ) | K B %
(Precision) 1 [1| 3 (Recall ) \F1 {H 4T PF 0, X T
A b0 A R IR R A i IO 2 X iR 22
(Mean absolute error, MAE) 375 1% 22 ( Mean square
error, MSE ) | 3§ 75 R 1% 2% ( Root mean square error,
RMSE) #47PF o

2 H#REHH

2.1 FEMRAEIRANER S

A Swin Transformer 5 ek 2 Jiii i 24 3 37
Wk B 4 B ResNet50 . VGG16 | AlexNet . Swin
Transformer 5 GRU BB 20 45 347 %) FUBIF 5%, R4 4R
Ak B 5 R0 8 20 A AR TR, 2 A Y o A S A
[fl, & 7 Jy Swin Transformer — GRU #5 % i J< {8 il
T 3 1Y 72 Ak 1 2 KRS B 28 F1 (R A4 ] 32728 4k i
Lo IWELT thal &y, ARG I e R Ae 20 BTt JF
BRI RS R AEZE AL T B, X KM 2 R g A
RITEI i B b B W2 2] B 1 8 2 i R AE AL,
e T 08 A A B A Ak A B A R T 0 SR o A
P 8 & ResNet50 — GRU ,VGG16 — GRU AlexNet —
GRU ,Swin Transformer — GRU 9 i 1 2 1 451 2 {H fth
2, BBk FE , Swin Transformer — GRU [ FE ML T H
flb 3 A FEMERTRL 3R 3 O [Al AR X T 2 5l AL
PR 45 JBm] 4, Swin Transformer — GRU £ #E#f % |-
ik #) fxom (95.783% ), M BT VGG16 — GRU,
ResNet50 — GRU, AlexNet — GRU #& J 2.83% ~
12.34% 44 [l R AF 00 % F1E 30827 3.21% ~
11.95% 2. 92% ~ 12.51% .2.39% ~ 15.37% ., it
Hb A ST LABE AL 38 B A [R) B s B2 B 2R i Sy 491
i — 25X L 36 TR AN [7) 452 28508 e 8t B0 22 2 PR3] 1) o
MWL 4), L 4 T LLE Y, BT A #8011 IE i
PN SR Y] LI e 212N R A0, X T BB A PR T A
AT i AR RN LL Ay O O YR AL S 20 B 3 26
218 T AU K A5 Ry 3R AR AR, B ) T A A X 2 it



218 &l #Hl

2024 4

60 90 120 b 30 60
EAREL

K7
Fig.7
AlexNet-GRU
ResNet50-GRU

Swin Transformer—-GRU Swin Transformer—GRU

120 150 30 60 90
S AR

P8 AN [ 20N e BB o 1 3 A1 45 2 {1 i £

Fig.8 Accuracy and loss curves at different

120 150

stages of model training

£33 TREBENTEMBAERNER

Tab.3 Recognition results of different models

for tomato maturity %
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