FH50%E %10 H H 3 tb % #k
2024 5 10 H ACTA AUTOMATICA SINICA

Vol. 50, No. 10
October, 2024

ET MR EMF SRR E T RER

kAT BEBT OESAT RNES BT EEs T

i B ROAERNSREEMESTNEE LS —. NEFR G, B ZE RN N2 R RSN, A 21
SR — N B PR ERT. Xk, R — R EE T P A% ] (Grid reconstruction learning, GRiCoL) ) 4e 4 43 A
T ZAAE T e G i A R A AL, SRR 4 ZRAE ;SR 5 I8 3 A4 I 25 6 4 JR RFAE AT IR AR R SE AR Al
L FBA JUR et J7v:, GRiCoL [RS8 J) 38 Al 4 JR KR A 32 BUE A AU 43 SRARAE, B R GE Yo R 2 ih 5 20 o 2t fg
T, ZHORAG R, W T G A IR 422 (Fluorescence in situ hybridization, FISH). Q iy 4 A& A FF £ 4 42
HISEL R I GRiCoL REW5 5 4 Hh 55 40 Yo i s dh 5 SR 52 M, 7E A R B0 4 L 10 40 SRV o B2 3 O F I 4 2R 5 1.

KR RN, YRS, FRIEEM, Mgt

SR TR, B, TR, WOFE, XM, EEHEM. BT A% E RS S P AR R H3EEk, 2024, 50(10):
2013-2021

DOI 10.16383/j.aas.c210303 CSTR 32138.14.j.aas.c210303

A Grid Reconstruction Learning Model for Chromosome Classification

ZHANG Lin"? YI Xian-Peng® WANG Guang-Jie> FAN Xin-Yu* LIU Hui*? WANG Xue-Song"*

Abstract Chromosome classification is one of the key tasks of karyotype analysis. However, due to chromosomes
are flexible hence exhibit less difference between different types while significant difference within same type, accur-
ate classification of chromosome remains a challenging issue. In this paper, a chromosome classification model based
on grid reconstruction learning (GRiCoL) is proposed. To weaken the impact of the bendy state, chromosome im-
ages are first grid-enabled for feature extraction separately. Subsequentially, global features are extracted for the
second time by reconstruction network, which is followed by classification. Compared with the state-of-the-art
methods, the proposed GRiCoL can get more efficient discriminable features based on both local and global fea-
tures, therefore can overcome the adverse effects of bandy form of chromosome with reasonable parameter scale. Ex-
periments on public G band, fluorescence in situ hybridization (FISH) as well as Q band chromosome datasets show
that GRiCoL can extract discriminative features that weaken the bending of chromosomes more efficiently, mean-
while, higher performance was obtained as compared to current classification algorithms.
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Fig.1 Chromosome classification model based on grid reconstruction learning
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Table 1  Classification performance comparison between
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R G if FISH Q#
JA& & GRiCoL 98.1% 96.2% 95.3%
GRiCoLL 99.5% 97.2% 97.3%
pfE 2.66e—22 0.52 1.71e-8
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ZERNER 2 o,

® 2 AFE NEE TR L
Table 2  Classification performance comparison between
grids with different N
N Giif (%) FISH (%) Qi (%) Gflops Z¥E (M)
2 98.5 96.1 95.8 11.5 22.1
3 99.5 97.2 97.3 26.0 27.5
4 99.2 97.8 97.6 46.3 35.0

ATPLEH, ¥ N =38 N =4I, GRiCoL [
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H B, SRR ZAHEE TR RS S
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P14y, BAEA MM IE R 224 x 224, 47 77 1A (5 ) A
WETE 112, 224, B J5 1A V)& s % 2 7E 1205 232,
PRI, 55 1 AT MBI RIS AN SS 3 47 1 VAR AR, 76
T e A I B S i 5 350 2 A T R T [ R A
T WA (] DGR,

AILLL ResNet50 1E R H T M 45 1 535 R 5
2Rl LRI, SCHER [34] Xt ResNet50 H155 4 21
3 ™ block i th FIHRFAE B KF V140, 26 14 block
IV N 8 B3 AT 4 ;55 2 4 block V170K 2 43; &
3SAAYI Gy, AR T YAk f5 B R A6 AR ) i 18 [
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DU BRIy B 4 AN BRIR Kby, A 5¢ 5 E45 73 i)
i ResNet50 & 1 M 2% 52 BURFIE, 1 4% I8 A& FA 08
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FES5 B e S AR TR ], A SCHE 3 IR 3
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Table 3  Classification performance comparison between
different models (%)

B G FISH Q
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FELg) 95.3 93.4 91.7
CIRNet 96.0 83.3 86.5

ResNet50 86.4 92.6 95.3
Sk [29] 94.7 93.7 87.7
SCHR [30] — — 94.0

GRIiL 98.3 95.8 95.9

GRiCoL 99.5 97.2 97.3
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i, ResNet50 AT HUPRFAE I 2 5l 7 EUE
%, AHIXSe i 2 51 A R0 e R o FRRFAE, T A2
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53 £ HIRRAE.

Rk L 3 B A HE EURFAE 4 5 1 e
ASCHET t-SNE J5 1500 25 BG A 6] — e R 1K
B3 KRR PR 4R o, Wl 6 fros. WTLLE
ResNet50 $&HUH G BUREAE 7345 438, 2808 B 2
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