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Rice Defect Segmentation Based on Dual-stream Convolutional Neural Networks

WU Yibo, HAO Yingguang and WANG Hongyu

Department of Information and Communication,Dalian University of Technology,Dalian, Liaoning 116024, China

Abstract Currently, fine-grained assessment of rice quality cannot be achieved due to the lack of related work on fine-grained de-
tection of rice defects. Traditional rice quality assessment is based on rough classification of defect presence or absence. To ad-
dress the problem of pixel-level classification of rice defects,a deep learning-based rice defect segmentation model is proposed.
The model uses an improved DoubleU-Net network as the main architecture, which consists of two parts, NETWORK1 and
NETWORK2. NETWORKI1 is based on a modified U-shaped network structure of VGG-19, while NETWORK2 is based on a
modified U-shaped network structure of Swin Transformer. The two parts are concatenated,and the advantages of CNN local in-
formation extraction and Transformer global information extraction are integrated to better capture the contextual information of
images. In addition, multiple loss functions are used, including weighted binary cross-entropy loss, weighted intersection-over-
union loss,and an intelligent loss network that does not require training,to improve the stability of the model training and further
improve the accuracy of model segmentation. The proposed model is trained and tested on a densely annotated rice defect dataset,
and achieves better segmentation performance than other methods, with robustness and good generalization ability.

Keywords Rice quality assessment,Semantic segmentation,Deep learning,Convolutional neural network, Transformer
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Fig. 6

1 SRR PERE TS bR

Table 1 Performance indicators of different models

A MIoU Dice
U-Net 0.681 0.802
TransUnet 0.653 0. 790
Swin-Unet 0.661 0.792
DoubleU-net 0.690 0.810
R X % 0.701 0.821

3.4 HEXE
T 5 UF 3 T DoubleU-net HE 223k &l & CNN il Trans-
former I A LossNet FI7Ef# S & L in A CBAM B 4 2L
PE Ao AT 3 2 R SE I, A3 i) 3RO O I RS 5 1L U
Tl S 58 2 AL R SE 8% 3, BRSNSk 2— 3k 4 FTA,
#£ 2 WHMER 1

Table 2 Ablation experiment 1

MIoU Dice

U-net 0.681 0.802
DoubleU-net 0. 690 0.810
DoubleU-net-swin 0.701 0.821

*3 OHMESEE 2

Table 3 Ablation experiment 2

MIoU Dice
P+ LEepCe) 0.691 0.819
Shu )T+ Y, 0.701 0.821

* 4 OHEE S

Table 4 Ablation experiment 3
MIoU Dice
Decoder 0.697 0. 820
Decoder +CBAM 0.701 0.821

# 2 5 T 464 2 F DoubleU-net HE 22 5 il & CNN Al
Transformer A ZCPE 1Y 52 30 25 5% AR A AL Bl 52 96 vh g i 3 20
Xt HB S5 ol SR Al U-Net W %% 45 #9 , DoubleU-net W %% 45
FFIA 3C 3% 3T 19 3 T DoubleU-net #E 3¢ 3k fill & CNN Al
Transformer W %% 25 #J, H ¥ DoubleU-net H1 A< 3C Jy ¥ #Y)
NETWORKI1 ¥ F VGG-19 E 2 4 i1 #% . A |7 (1 J& A 3¢

d)DoubleU-net

(e) TransUnet (f) Swin-Unet

(ARSI

IFREAE

Test results

NETWORK2 19 % fith #1972 Swin Transformer Z2#4, 5Z
B 25 Je R AR S0 ik 7 MIoU Ml Dice W5 A4 B 48 b5 1 ¥ 3K
137 B hr By g A, B UE W T AR SO 25 HE BRI 1 i A R

F 3G H T HAIE LossNet A 209 23 453 . & 7 R
7T A5 SRR L R AS AT Rl AR B T A X B AL, 43 il
Al INAL ToU 453 2% FUIAL BCE #8145 . LUK A FH A ToU 4t
Je AL BCE 5 2 F1 % BE 1 2 MR EL LossNet, 52565 45 5 3% W
JILAE B4R 2% BRI EX LossNet J5 , M 45 194> B VEREAS 2142 ), il
X EE AT DL R B, A LossNet 1] DL jE AR 5 55 4 b 2 > &
BAGRITEE .

(a) ELAH A

(b) f#i Ji] LossNet () A fdi ] LossNet

& 7 LossNet A %Xt L B
Fig.7 LossNet effectiveness comparison

F A FNH T I UE CBAM B &M 19 500 45 1, S 45
BRI A CBAM #5 8 J5 . ™ 4 /Y 45 & ¥k g 15 2 32 7t
CBAM B A M1 LUIE BT .

GERIE REORBRFE 4> B —Fh a3 A/ B AR 23 B 52 BR
M oEREAES L BRG ILB/NFRB, A S0 X
SO AR T — R T IR E ) B KRG BB A B AL, %
SRR T CNN A UR JIE 24 ) B T 48 K 4 BOR 3 SR 10 8 76 4
RERFAERR T HEA — & WK, 13T Trans-
former BYJ7 BT LA 4R 4 SR B AE L H 2 B T H 0 &2 0 2 4 X
2 JRBIAE B 6 T R  — L 5 A 1 A5 B G IR AN =
[ I 7R SCAE 4y 5 NETWORKI il NETWORK2 ﬂﬁ%%hlﬁl
W45 4T CNN Ay Jmy 3550 F1E 8 A 28 #E DL & Transformer By
4Rk, Hd NETWORKIL 23T VGG-19 &M i U B K
LG5, g 4% &8 3 4250 TmageNet T 2511 VGG-19,
G305 BB 43 0 3 BTN [R) RUBE S IR R R R, R
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