202347 H Z?ﬂkfﬂ Wﬁi;}ﬁ BS54 5 ETH

doi:10.6041/j. issn. 1000-1298.2023. 07. 025

E-T Mask R~ ONN RY#H#E 3 MRk 2 5 B 45 2 53 B 45 2L

S 1,2 ~ 1,2 N 1,2 1,2 > 3 b1,2

Ep e & H AR TEG TR AN

(L AREAAR MR E L TR =B, M 3500025 2. 8 248 0l 5 BB A B R 3 S 30 35, # M 350002
3OS £ BE AR B TR 24 B, 1M 313000)

FEE . £Hxb B A AR 3R B0 I T 4 Bk AR B S A A, LR XS S Ak ik ) 3R R0 B IR R S 1 IR, DA A 2
R Jok A B 5T X6 G, 4 T — B T AR X385 LR 48 W 2% ( Mask region convolutional neural network,Mask R — CNN)
1 3= 0 Jok S PR AR S A1) G IR AL, LR 22 I 2% ResNet50 AR AIE 4 523 ( Feature pyramid network , FPN) Jy & T K¢ {iE
PRI 265, 7EHE R (Mask) 43 32 F B8 I — A0 1) SRR R X480 %) 5% )2 (Region of interest Align, Rol — Align) , 4 F+ Mask
Oy SR EIVRE R o 45 R AR B 12 00 405 S 158 A0 K A b 0 A A T ot IR 0 T v 0 B AR ST L B A A R R A Y
TN 53 #) o Mask R — CNN B XH& A BT 4B 3500 K2 38 0 B J2 At L 1) 43 31 F 249 K5 38 (3891 1 (ToU) 29 0. 50) 43
514 98.9% .89.8% 95.7% F197.2% ,%F 4 A4~ 2H 2 X 56 119 4 51 7 247 K5 # K H4{EH (ToU 4 0.50) y 95.4% , 5 KH7E
Mask 4332 %5l Rol — Align ) Mask R — CNN AH L, K5 L3R F 1. 6 D H 40 i BRFESS AR W], Mask R — CNN A AU X Al
A 5 KA 2 2 S B AT R 1 TR e RCR ,ﬂﬂﬂ‘”ﬂ%‘ﬁﬂﬂ%’zﬂfﬁ%%ﬁﬁﬁi%%ﬁﬁ%ﬁﬂi%
KR MG Ik WRRME WM XIS R R 4% SE A s O T :
dhE4HES: TP391.4 X HERFRIRED: A NERHS: 1000-1298(2023)07-0252-07 OSID; E|k.

Instance Segmentation Model for Microscopic Image of Citrus
Main Leaf Vein Based on Mask R — CNN
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Abstract; There is a low efficiency of automatically measuring and analyzing plant anatomic phenotypes
currently, which makes it difficult to well deal with the issue of extracting and recognizing the complex
anatomical phenotypes. In order to solve this problem, a mask region convolutional neural network ( Mask
R — CNN) based instance segmentation model for microscopic images of the citrus main leaf veins was
proposed. In this model, the deep residual network ( ResNet50) and the feature pyramid network ( FPN)
were used as the backbone feature extraction network. In addition, a new region of interest Align ( Rol —
Align) layer was added to the Mask branch to improve the segmentation accuracy. The results showed
that the network can accurately identify and segment pith, xylem, phloem and cortical cells,
respectively, in the citrus main leaf veins. The average precision (IoU was 0.50) of the model for
segmentation of pith, xylem, phloem and cortical cells was 98.9% , 89.8% , 95.7% and 97.2% ,
respectively, and the overall average precision (IoU was 0. 50) for segmentation of the four tissue regions
was 95.4% . The mean average precision of Mask R — CNN with adding Rol — Align to the Mask branch
was improved by 1. 6 percentage points compared with that without. The results showed that Mask R —
CNN model presented good performance of recognition and segmentation of various tissue regions of citrus
main leaf veins, which can provide technical support for citrus microscopic phenotyping.
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Process of microscopic images acquisition
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Fig. 1

of citrus main vein
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Fig.2 Instance segmentation model of citrus main vein
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Fig.3 Feature extraction network based on feature pyramid
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Fig.4 Validation results of citrus main vein instance segmentation model
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