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SC-Net: a contextual information skip connection network for
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Abstract: Objective Chromosome karyotype analysis separates and categorizes chromosomes in midcell division images,
and it is widely used for the diagnosis of genetic diseases, in which overlapping chromosome segmentation is one of the key
steps. Based on image analysis of overlapping chromosomes, the morphologically diverse chromosome clusters depend on
detailed features, such as accurate boundaries during segmentation, in addition to obtaining the basic contour, texture,
and semantic information. For this reason, in this paper, a two-stage overlapping chromosome segmentation model SC-Net
was constructed through fusion of the contextual information of the target to improve the segmentation performance of the

network. Method First, the model SC-UNet++ added the hybrid pooling module (HPM) to the baseline model U-Net++ for
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semantic segmentation to capture the local context information of overlapping chromosomes and complemented the detailed
features of chromosomes, such as color, thickness, and stripes, based on the superposition operation of empty space pyra-
mid pooling and stripe pooling. The context fusion module (CFM) was connected in parallel to a decoder network, i. e. ,
the channel correlation of input features was extracted using the efficient channel attention module, and the features
obtained via the multiplication of the output with the input were subsequently fed to the HPM and the spatial attention mod-
ule (SAM), which explored the correlation of the region around the pixel to obtain the local context and extract the global
context through global pooling operation, respectively. In addition, context prior auxiliary branch (CPAB) was introduced
after CFM to improve the global context information on channel and space. Second, the category a priori information of
labeled training samples, which serves as an additional source of supervisory information during training and effectively dis-
tinguishes confusing spatial features in overlapping chromosome images, was used to generate the true affinity matrix.
Finally, the elements of overlapping and non-overlapping regions were iteratively paired by the chromosome instance recon-
struction algorithm to splice and form a single chromosome. In this paper, experimental analysis were based on ChromSeg
dataset, and the hardware resources used included a desktop server with 32 GB RAM, a 3. 3 GHz Intel Xeon CPU, and an
NVIDIA RTX 3070 GPU. The model was used based on the semantic segmentation toolkit MMSegmentation version
0.30.0 and implemented under the Ubuntu 18. 04 operating system, with PyTorch 1. 10. 0 serving as a deep learning
framework. The following sections describe relevant hyperparameter settings and initialization methods for network training
and the loss function selection strategy. Result SC-Net fully extracted and utilized the contextual and category prior informa-
tion of overlapping chromosome images and showed good performance in segmentation scenarios with various numbers of
overlapping chromosomes. The effect of each improvement on the algorithm performance was investigated through ablation
experiments, where various combinations of CKM, HPM, CPAB, and segmentation loss were designed on the baseline
model U-Net++. The results proved the better performance of SC-UNet++ compared with models in all evaluation metrics.
This condition confirms the effectiveness of the method proposed in this paper, i. e. , SC-UNet++ attained better perfor-
mance in the segmentation of overlapping chromosomes. Through comparative experiments, the SC-Net proposed in this
paper caused improvements on the ChromSeg dataset, which outperformed several models in terms of all metrics, and the
model achieved an overlapping chromosome region intersection and merger ratio of 83. 5%. The overall accuracy obtained
after the reconstruction of chromosome instances was 92. 3%, which is higher than the best and the same two-stage Chrom-
Seg segmentation methods by 2. 7% and 1.8%. The SC-Net outperformed these models mainly due to its capability to
extract contextual information and category relevance of the target, and it enables the model to further gain insights into
overlapping regions. Conclusion The overlapping chromosome segmentation model constructed in this paper can effec-
tively solve the segmentation problem of morphologically diverse overlapping chromosome clusters by fusing contextual
information and obtaining finer and more accurate results compared with the existing methods.

Key words: overlapping chromosome segmentation; hybrid pooling module (HPM) ; contextual fusion module (CFM) ;

contextual prior aided branch (CPAB) ; real affinity matrix

0 35

i1

N T b A7 e 0 A% B o3 Ay (2 4l Jg Fi i
2023) G 7 4D L E BB PR I RR PR S
e 0 A E B 2 ok T R 05 B Mk ) e (B A
DAR G A 532 (£, 2022) , S AR 43 #1 F0 43
RERAE W EAE . b EmERROKH TESR
DB 25 22 B AR 2 BN B MR 0 3 0 2 ) o
B RE  EMI S I I PRI R 418 . PRI ARk 15 2
WFFEN AR T —Se 50 % e AR R TR AL B

o4 H Bl 7 AR i Y G AR o3 R A2 2 43 BT 104 HE A
FERIRCR

DRSO = 2 R R LN i D R = 2 LR RN
(0 A 298 7 1 R B T 0 5 LA B Ll 55 Ty vk
He LR A AL, K T ES R OAREE
J5 Bl s — AN DX, AT B ol FH 4 JR) 8 ) 3 1 £
7l M Z B, R B AN TR B T RS
P PRI T3 85 . 055 N (2008 ) 1 FH 13 1 Ak 2 4
B JUAAE 25 28 004 T 31 B e 0 A 2081 (RS20 2 B I
DRI BEAR TS o Grisan %5 A (2009) $2 H — Fb J5 30
FIIE 1 B (E 2, 36 T MG R LA 5 8 2 U A 15 51

2807



2808

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 9, Sep. 2024

Aoy ENEE R AR 5 W R N T A, PR
I RE T4 Bh S A Sh AL R 5. S5 BIE
AN BT B AN 75 ZE BRI A T FilAh 2
TEARZTAE N (2009 ) K DX I AR 7 R 30 2 A D 8 vk A
S5 VAT B S g R oy 5 (R 5 0 i G
2t VL B o G P AR R o, X e B AT S B AR fR B L
BEAURR . FE T UART ) vk RE RS A R i &2 2% () T S
Ye@fk , Minaee 25 A (2014) $2H T — PR BET#:,
55 1B BER 2 A LA AR ARG I e (o AR 58 9 16 1 5
R RS S A 2 B BEE T A X A B Y AR
5 k38 i 2 IR BRAT 2R 2 [y Bk Ab B 22 45 e o A A8
N T S Y R FE  HLTE 1 X 43 Y A2 fi A
FHESMAFME . Madian % A (2015) KT Y (o 14
) B X 3l RN E B DX A 6 68 D i 3 e B 1)
R T A T 5 DA R A X, 2 i T AR B
ZAESPORNTH ., AN, AR T REREE Y
AR B 0040 B, Yilmaz 25 A (2018) B 7E 2 55
HEYARN BT, e A BRI TR
(5 {1 A PRI 25 2 4 B R A0 2 R S M7
SR 5 1 3 K B EE @ (Vineent, 1993) Fl 43 K I8 J5 1
(Grau 55, 2004) 43 B %F G2 IX 3 ; f5c i 38 2o 45 65 5 3
ISR o A i 2 o N F S e oA, SR T vk
F T35 T il R Y R EE S, AR A TV
PRI ARG T ERAG ) 13T

SRR, IX AL G ) BT N TR T R
TIE 12 A RS 56 Ah B, SR 7T e € A A A I e 1
SO LA 1 [ 52 A0 RRAE R B RS R B o o L Y

SFAE , FEASRRAE Q0 FE 1 S5 S8 T 3R (A5 43 B 1k
e 2R R, St Az ki ) LR E R R AR

2) TR E I N ES PO E k. bEE
TR 27 2] F AL i T e VR 25T A\ B
T TR B B 2 X 45 5 A0 41 ks
151] 73 RS i e B 8 Y €0 PR BAR M R (]

H R B 2 R T B i A, Sk T R g
R R R A B R JE (4 ) B3, 7 22058 TR 2 4
P 3 om AR 70 Y1 2k o Saleh 55 A (2019) #2 H
TE i F1 oy B A 0 3 B 384 58 (test time augmenta-
tion, TTA) (Wang %5 ,2019) [ J5 ¥ DL fi# 1 U-Net &)
T BB, I A T T2 b | AR Bl A5 45
FN LTINS . Altinsoy 55 A (2019) 5 U-Net X
Gty TP A 240 i g o 1A AR R AT 08 A1 oy g g (o A
5585 50 ARV SR AR i SR I 5% £45° K F ol 3R

LB AT 10% LU R/ INAE 7 R ECHE 3 5 T B
BEAY 38, W T7 V5 R MR T B A7 2 T BE A9 5 1%
5 3 A R 5 07 1 AN ], Chen 26 A (2020) 42 1
T — B DL AE R Ok B TR I 2R L e SR
Zernike FH F5 (Gorelick 45, 2006) 28 715 Y {044 1) JE IR
DURE A g o M i o i o e A, i ok 8 s v A
1., Kluvanec 5§ A (2022) 1 1 4% 0K 149 75 a1 45 8 43
B S YR, T G (AR A D7 ) R HAE R X o3
AT S5 AR AR A o

TETRBE 27 I RS B 1T J7 T8, Sharma 55 A (2017)
T U TR BE o S A AT e R A AL A3 7 (B
eSS NS B AR R NG P R AT R N
4 JfL B AG 2t FR A AR DL M, Hu 55 A (2017) B R H
U-Net 73 W 2% B 8 Je (0K, AH Lo 2 11 5 v R0 I
REA T4 T (HAHBUAN R 4 %) 34 M LA b i e i
T E B G AR . SRR A (2022) 52 ) —Fh 5]
IR BRI 5 ALY 5% 22 U-Net 0 258 1) 4 (0 {4
KGR 807k . 2B 507 19 )3 &, Cao 58 N
(2020) K 1 1 W By By i AT S e i 3 1L 7E
55 1B B G U-Net++ X5 15 5028 e o iRk
AVEE S XIS R AT 1 SO AR 5 2 B B b fdi
PG AL B D g 2R e RSB . Ol 1 I I 2%
BRUZRMESZ R, Sun %8 A (2021) 75 U-Net f9 25 it &
18 A 2 G007 G 1) 2 T A AR LR T 26 1 22 I
BERHIESEIRE Ty , 7653 B 22 2% Yo (0 IR Y T e (0 A
AT A BN AR E R TERE .

BEXS 2 2 S YL R o3 ), BTN LB T
TRITSEHE T 9200 o FI 28 A T 1o R B )
HL T 5 R A BR 2 7] (2022) Bk 1 52 1) 4 4%
Mask R-CNN (mask region-based convolutional neural
network ) , 5| A £ & il AL 3Z IF L (intersection over
union,, ToU) XJ JE A KAL) #l (Hosang %5, 2017) #E47
CHE | L SigR-DR T 4 0 0 SOAE o A ), AR 45 N
(2020 ) F F AL 1 538 ) 2% (path aggregation network ,
PANet) (Liu 55, 2018) , % in 24 it 7324 o 0] P 4% o e
o AR 1 5332, FFFERRIE & FIE I 2% (feature pyra-
mid network , FPN) (Lin 4% ,2017) P4 A £ 5 4% LU
i i AP H I B . Wang 28 A (2021) 2 H T —Fh
SRR TR AT IR R B8 g o kR T A e (L R 1) 2 B D 4
FEMERR N (HIZ 7 UM A BERR R B, S I
W5 AR . Lin %A (2021) 3 M T —F i By Bt 7
T Sl TR S HoR o B G AT SRR 24



$29% /98 /2024 £9 A

FiiE, BES, WEE, RFR
SC-Net: ATEBFBESEIN ETXIESRREEME

I 251 ResNeXT (residual next) %% (Xie Z5,2017)
SrEEEQE,

g5 bk BT IR A T W 03 F 5 2 oA R
MRZACVERE , B2 5 SE L2 A G (R 32 SUE i) B
B Qe RN 73 B o EAE SR S0 530 190 238 fife e B
B YL o 1Ay F ) AL, PR A o A 0 e R O J0 T X
2250, BT BT A AR TE TR e, HATR)I 2%
APk

XF UG, AR SCH T —A> P Be i) B 8 g (0 1A 1
Sy A R SC—Net(skip connection network ) o %5
B ST U-Net++ 73 51 9 25 v 35 iR & v AL A5 B
(hybrid pooling module, HPM )i 3K 5 & Jx A R 1) Ja)
W0 BT SCF B TE AR A A% T I R SO G AR
(context fusion module, CFM) Fl_LF 3CHG 56 5 Bh 70
32 (context prior auxiliary branch, CPAB) , @l & i i
A B SUEE . KR A EARTEREA R 2
S eI A B A L SR RN AR I, TR R AN 45 % A
AT B ESREOKNERCR, BF, RO
PRS2 A Bk S B B SR G (B AR Y PF 4 . SC-Net 8
SIRBURA ] T E S G AR R BT SUR BRI
R E R, BERT TIE S 2 E S Y KR
7 FIPERE .

1 KRXFHE

1.1 EBFERNE X

TEAZ BB eh B Y AR o B R BT 55
et AR B AR RIS TP R PR A 5 R
L ih A2 X F AR AR ARG O, X Rl N T A% A
Bt g0 ME B2 R A TARRCRAR A A . B LA,
) 1) B S e (A A AR R B R I, A 1A, 33X
PR T B AL AL AT R e AL A A Bk, e 2
AR S R I R I DR 12 W ) v A 2 T S
FTF At
1. 1.1 HEEROKEGRS

A T 2 €0 PR R R0 AS — | A ) RS i e
o AR T 8 B X /IMBAS [|], e /N RUBE e o
1Y 8 S XA A B R NE R 1710, L, 26 T
JE 27 2] 1 3 51 0 28 75 BB £¢ 22 RUBE R AIE 4 Y RE
J1, DIARAGAN ) RUBE B 48755 FRiE SCREE o 1 L, e ff
TRIEAE R TP UG 0 /N XSO 2 45238 SUR %
YR, S TR AN [RI TR (14 450 B0 €5, i B M b

XA EAES SIEESXE. X TLRINE,
AT 38 W 2 5 S e IR A S DX 3 1 48 3 1
B )l A DR A i 2k 4 2%t £ BT £
DI R Sy G (o A o 2 DI R 3 S0 AR Y
I, U5 38 ek M A PR A 4 S R 8 B R SOfE
B I g R SR S M E SR
L2 EFEd

445 B 22 W 2 (fully convolutional neural net-
work, FCN) (Long % ,2015) H T 23 s 42 3% 45 J2 (0 153
i N PGS 2 Ry [ RST G RRA R TG 0 T
AT Ay EUE S5 o BT RS A AR IR 5>
BT, BT AR OIS AS (Y 40 B S0 3 LA K e 9 AR R
S, BB R R B ZRHE A o R SR T
FAEMTRE . R, 18 O EI M 2 T SR G R
w1 R SCfF R DA SE I S G A T A .
TR TAER SO Tkt BR SCRlG g, Hor,
PSPNet ( pyramid scene parsing network ) 8 24 FCN 1]
BT 2% Sy HAT B SR ORFE S HAE 1 1Y ResNet-101
(residual network ) (Zhao %,2017) , IF42 8 T & Fi&
WAL AR B (pyramid pooling module, PPM) fil 75 22 R
BEETF S N TEASE IR S B TR TR
J&%Z B}, DeepLabV2(Chen %5 ,2018) 48 H T 251 25 [H]
4 3 AL (atrous spatial pyramid pooling, ASPP) L)
REZREE T, X ERIFERRS T
BB HRE , A e B2 G o3 ) (5Kl
4F,2023) 5 ATE R I HLET (a8 4, 2021) , 0F
FEN VRS T B ALHI A T R B
(convolutional block attention module, CBAM) (Woo
55,2018) 0 GAZ, TEAR TR S Y AR o3 B )R
T o W 2% S A HARIERAY R SOE B 4R
THM 25 1 22 RO A2 B 4 30 H bR 18 42 5 F Ry iR
EAR L, 3 i 1 0] e (0 1A B 75 17 S5 R 45 g 11 B A
AEJ), SR TH 28 1 73 FIVERE .
1.2 RELgIT

AR SO AF A 22 2% G (A J0 Y 5 e (0 AR
ARG AR | PP T SO B A TR BE o7 ) 7 VR i o
HE Y AR IR, A SRR TAE 2
Gt (A B D AR S X S XA Ry 32,
BT E FH T8 SC 5 0 I 2645 3] G o (K P15 o i) o 2
RS X, S5 Ao PR 2 Bk E A g RS )
AR SCASERY [ i B BEAE RS R H AR bR SRR (S
KL, I Ao S 4l SRR B AR ORI n LR vy e

2809



2810

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 9, Sep. 2024

R o> B ERRPE
1.2.1  MIZE R LEf

U-Net++ (Zhou % , 2020) J& 3 T 25 LiF X 53]
W £ U-Net (Ronneberger %5 , 2015) B BCtE . & S8
TR RO A SCRRAE A Rl A AR B BRI T 9 2% 78
B TR, NS R fF B EK, il
PN RIE AW S . T Y R D
PR T 1) 300 A 0t 8 e € A 431 ) R
T BEAE 2% T 22 i B D 0 MG SR AR ARFALE LA R
P v Ay B RS I Sk . R ARG T PR B
53 HIBEAY SC-Net , A 5% Ju o (A 8 & B AR 8 & X
RN S5 DX 43 1) 9 24 SC-UNet++, DL SR &
X358 i1 A2 2 DX Sl Ay B 2% Y €0 AR 1 e L R S 451

!' l—— | SC-UNet++ Y .—>

FwAEED,WE PR, Hrp, SC-UNet++fii i 4 )2
G A — A 25 2 KA LS 30 J2 A 0 R IR R R B 1
S B P A , I S5 R W8 2 7R . SC-UNet++7E
FLLR AT U-Net++ 13 il T HPM ,CFM 1 CPAB 3/
BEHAE L AR & Y R 4 S/ FUR R Y B SO
B A, SC-UNet++ R AR IEREA B2 5IMF B AE
Ry R 28 I Rt ) BRI B A R, XA B AR B 5
TRVE I 28 ERAE . ELR ML, 7E B BT A5 X 22 )5
JIA—A> HPM U 3R a7 SC, 805 N SR AE i A
PREME R EK . DN EEB X R InA—
A~ CFM H Tl R f 4/ 1R 30, s, 76 CFM
ZJE IA—A~ CPAB, FIFH CFM #2101 I F 3UfF 2.,
TE S5 T 45 R 0 % B M B T 2~ 2R N RIS ) AH ¢

)

PSR SR e

Kl 1 SC-Net By BIHESL /R 2 &

Fig. 1  Schematic diagram of the two-stage framework of SC-Net

e e

——

- B

S
BH

~~

LR
AL
TR

&2 SC-UNet++ M 4545 44 K]

Fig. 2 Network structure diagram of SC-UNet++



$29% /98 /2024 £9 A

FiiE, BES, WEE, RFR
SC-Net: ATEBFBESEIN ETXIESRREEME

P T I 2% R 6% T 4 b b B B, 7 A TR I E AR 43
FERE O
1.2.2 R SCE R
BISCIEREAE T FF SCfF B S Y (R 7y
M, B T P AR SO et BATS
BN R MERTER BT UER . ZBGRER
FIRJE K AR R 5 I A 388 1 R 4 () B P
FIBLHIATF) 5 o B 28 i E R SCREIRG
PRI, A SCR TR SCR SR CFML, B H R AL
18 18 7 B S) B (efficient channel attention module,

ECAM) JR-& AL BLE: HPM 123 (8] 1: 2 J Bk (spa-
tial attention module, SAM )3 3 51 AL 41 Al , U4l 3
JR . TEE S ORI RUT 5 b, CFM AT 55 2 42
P Jay ARy B B SCfE R, Hor, SAM & T T 4R
G2 R R B, A4S G PR B S ARHE S R ) L B AG
HPM L Tl LR 30, DA 4% (A (0 24015 Fn N
TRZEAE . CFM K I SER ) E i 5 B S 1 — 2,
DASR LT A Y R SOfF L A B TR o oAy
SIS EAR XRNEEGERY B SO A A
REAE X 2 e e AR HES , 2 8 o R HERf P

l 256 x 64 % 64
»® HPM X —
A

| a

256 x 64 x 64 1
y Xoul

L >&) SAM T

‘ ’:‘ : i

& HHe X

256 x 64 x 64

K3 R CEG R (CFM) &5 P

Fig. 3 Context fusion module (CFM) structure diagram

TE 43 E] M 4% SC-UNet++H1 , CFM 3 B¢ 2 f# 5 75
8y v a2 3 L fof FH e 25500 1 9 ) AR ECAM Ui
TR VL B AR NS H N G = SO R N
Vi, SC-UNet++ i 2517 15 X2 By 4 1E 2 A CFM
25, B e gad ECAM R BU A RRAE ()38 38 A1 56
ECAM [y H Fl s A ¢ AE AH 3 5 4351 3% A HPM Al
SAM. e, HPM R ZAF 2 R Rl DX I i) A DG4 LA
FRIBUR TR S5 SAM W3 1 4 oyt Ak $ 1R SR 4
J R BeJE B HPM 46 AR R R FEJG 5 SAM
R IR AL A VB R AR 280 A X B ARRAE , 4k
LA T L5 125 2]

T TE 5 R B RO P A A B R AR
P50 N FRRIEFG A0 — A [ A, Sl R o (kA
3% 2 DA A8 3 ) A 17 B A8 B, B 3l ok S
PRES 7 A AR (R, 2022) o — BT B O 4
2 R DO D S BN B R . Wang 5 A

(2019) & BT FFAE B 4E 23 18 il A BB o B, A
TR T OE B TE = 1 ECAL R, AR SCFE CFM
il ECA 98 /0 38 18 45 2% DA 4R 530 i A9 1R 3¢
FELAINE 4R . Hor, [ IE R B — 4R B S R
NN

o) =| (1)

X, C, W AFFIE X, BB IEE . ECAM X4 A KR
IE X, 38 T8 B AGE w, R R R
w, = U(Convu_m(CAP(Xin),k(Cin))) (2)

Kf, AP Foom &2 Jm V- 3514k, Cono,,, 7R M 38 1
B —4E A o R sigmoid P06 PREL.

AT ECAM ¢ 73 iy A CRFAIF 1 3 18 A5G %
SAM 3 38 5 71 AN [R] X 38k (4 AH 6 56 & DA 3525 1)
I, IS BR

ECAM it 1w, 5 X, M35, 1E R SAM i A

2811



2812

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 29,No. 9, Sep. 2024

ISRt ey U NGNS 256 %1% 1

256 x 64 x 64
i@%%@ﬂm o
X,

256 x1x1 256 x 1 x1 W,

P4 R 18 T TR (ECAM) 254 ]
Fig. 4 Efficient channel attention module (ECAM)

structure diagram

1x64x64
qzyf](ﬁ{ﬂﬁﬁ Ix64x64 1x64x64
256x64x64
— P L
G ~ W,
© kit

K5 ZS[E R I (SAM) 4544 K]
Fig. 5 Spatial attention module (SAM) structure diagram

FRIE X,o SAM B 56 #E A7 38 ~F- 34 b A6 R Rt Ak
DLARAS P A 25 (Bl R R0 AR 8 X, Rk DR 2 5 1 )
7 x 7R A R 46 , Hii 1 sigmoid FTE PRAL o 15
BN A EINE w,. )5 X, 5w MFEUGE]E
SR bR SCHIREY, . B

X, = o (Conv,(AP(X.) + MP(X,))) x X, (3)

o H, Conv, ,, TR T X THIFRUEG TR, AP R F- 31
1k (average pooling) SMP R RMAL (max pooling) R
X AN

—

Ix 1B -

3x3%5{M
BR, R =2

N

AN

3x3%5]

=y 1 B i
ssoxetxor_) AN
3x375H

o,
i BB iR =9)"

X,

\

AP | —

it -

A

64 % 64 % 64

64 x 64 x 64

64 x 64 x 64

64 x 64 % 64

256 x 64 x 64

256 x 64 x 64

X =w, x X, (4)

CFM H i A3 7 32 BUR R B SCRY TR A it A s
HLHPM, %4k, 7 SC-UNet++ 1Y i fith 75 4 AT A X
JE AR T HPM DL$ 2 RUEE J& 3 1R 3¢,
I, 43R % HPM Bt JR IR B A
1.2.3 IRA ML

SAM XF 41 45 =F & 0 IX 8 23 K Ak 384 2 2
JariR s E E o T AR i T S DX s 5 R
ASY e PR BFR A RFAE TS [F] B Y PR A B LA
FGRAH ARG FRAEAS ], A0 55 X SRR A9 SR 3 1
S BMARTE S, HIL, AR SCHE S HPM (AR 7Y 2% )
B ORE R LT SCHRRIE . H B RS H )y
h S K ARRIE B Ay B R A S B AR
FEATRNBN A, 5% O AR AR 8 — 435 FLUR, X
S EATYEE 594 T b 34, 75 Bl
ARSI S % €8 R P R 1) G 3R 1) O 22 ] L B 5%
ZJa A KA AT NS SE R Ak S B SEH A
FEAE—R , DUE AT AL i i R AR s B B 4%
A Ak T i LD R 5 ASPP ASEER (4 R AE B
4, LR R ENEE . HPMZ5H Wk 6 i
7N, Hop AT R Aty i S HoA 20147, A RR
TEFE Zead N Rt A N6 B 22 0, 38 38 PR IF 40
1 x 1A 40 30 18 5 i R AE .

Rk PE, HPM 3 T 23 ) 25 8] 4 5 3 i b
ASPP #EAT e i . Horp 28 1 5 BUZ ASPP (9.0,
ASPP 38 2 A [7] 253 I 38 1) 4 B ok S 22 RO sz
P B a3 AN [R] 23 ) 22 (0 REAE T R, A B T I 2% T
G b BRAR N R B . ME BRI Rk, 2

s

768 x 64 x 64 256 x 64 x 64

-
X,

JE—

K6 lRaib s (HPM)Z5H
Fig. 6 Hybrid pooling module (HPM) structure diagram
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Fig. 8 Schematic diagram of the calculation of the real affinity matrix
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Fig. 10  Schematic illustration of a subtle error in the
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Fig. 11 Some sample diagrams of the first type of labeling
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Table 1 Statistics of overlapping chromosomes in

metaphase images derived from the ChromSeg dataset
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Table 2 Comparative experiments of SC-Net and
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PSPNet 79.9 89.7 89.8 98.6
U-Net++ 79.6 88.6 88.7 98.5
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Fig. 13 Chromosome reconstruction results of SC-Net
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Fig. 14 Comparison of semantic segmentation results of
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Table 3 Performance comparison of SC-Net on different datasets

1%

it HEE U JEH S ToU mloU ACC,, ACC,, ACC,,
ChromSeg 83.5 90.3 91.3 99.4 92.9 92.3
Metaphase 79.6 89.1 89.9 98.5 90.8 89.4
Metaphase+1k 81.2 89.6 90.5 99.0 92.2 91.3
Metaphase+2k 82.6 89.8 90.9 99.2 92.5 91.8
Metaphase+3k 82.6 89.6 90.8 99.1 92.5 91.7
Metaphase+5k 82.6 89.6 90.8 99.1 92.5 91.7
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Table 4 Network configuration table for ablation

experiments
fEETRY CFM  HPM  CPAB /ZrEIisk
U-Net++ - - - BCE
U-Net++(C) N - - BCE
U-Net++(H) - N - BCE
U-Net++(CH) N N - BCE
U-Net++(CP) N - N BCE
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Table 5 Performance comparison table of seven networks under different evaluation indicators

/%

el mloU & ToU JE&E & loU B IoU mACC
U-Net++ 88.72 78.73 88.62 99.59 94.56
U-Net++(C) 89.23 79.91 88.42 99.58 94.88
U-Net++(H) 88.96 79.69 89.30 99.60 94.96
U-Net++(CH) 90.54 81.69 90.03 99.63 95.08
U-Net++(CP) 90.30 82.23 89.08 99.59 95.17
U-Net++(CHP) 90.82 82.84 89.96 99.62 95.38
SC-UNet++ 91.31 83.47 90.34 99.65 95.54
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Table 6 Comparison of inference speed between
SC-Net and other models

/(ms/i)
P P 3
DeepLabV3+ 66.2
U-Net 33.4
PSPNet 64.8
U-Net++ 37.9
ChromSeg 429
UNet-2022 36.1
Kluvanec 44.0
SC-Net(A30) 55.2
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Table 7 The effect of model inputs on SC-Net inference speed

el HE 1oU/% JEHE B ToU/% mloU/% ACC, /% A PHL E /(ms/ )
SC-Net 83.5 90.3 91.3 99.4 55.2
SC-Net(X *') 79.2 87.6 89.0 98.5 45.1
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Table 8 Segmentation and reconstruction performance of

SC-Net under different hyperparameter combinations

HEXE JFEEKX

e e UM Houm,  MCCal"
0.25 0.5 81.15 89.60 90.9
0.5 0.5 81.71 88.12 90.8
0.75 0.5 83.47 90.34 92.3
1 0.5 82.67 90.75 92.0
0.25 1 81.44 88.89 90.9
0.5 1 80.50 88.13 90.3
0.75 1 81.94 89.82 91.1
1 1 82.15 90.46 91.2
0.25 2 81.45 89.03 90.8
0.5 2 82.29 89.10 91.4
0.75 2 82.22 89.63 91.6
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