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Abstract

In medical diagnosis, chromosome Kkaryotype analysis is an important means to detect genetic
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diseases caused by chromosome number and structure abnormalities. However, due to the non-rigid
nature of chromosomes, chromosomes often randomly curl and overlap in different images, so
overlapping chromosome segmentation is the key link of chromosome karyotype analysis. In view
of the problem that the overlapping regions of chromosome images are different in size and mul-
ti-scale features cannot be effectively and adaptively extracted, this paper proposes an overlap-
ping chromosome segmentation model based on multi-scale residual attention. The residual at-
tention module is used to replace the original standard convolution in U-Net, and the feature reca-
libration between channels is carried out adaptively to improve the global perception ability of
the model; At the same time, a multi-scale dense pyramid atrous convolution module is proposed
to expand the feature receptive field, realize multi-scale feature fusion, and further improve the
segmentation accuracy; A residual path type jump connection mode is designed to realize the fea-
ture reproduction of the corresponding scale of the context, solve the semantic gap problem
caused by feature concatenating, and more accurately restore the high-resolution image. The ex-
perimental results show that the IoU index of overlapping region segmentation reaches 98.58%,
which proves the effectiveness of the segmentation method in this paper.
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Figure 1. (a) An microscopic image of human metaphase cell; (b) Chromosomes karyotype image
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BRI E J5 &5 00 T B2 IR IESE s Saleh 25 N[ 1513\ A 2% v 36 R Rk (1) 38 0 ) T $2 B
Z A NERIES 2, R, 3 s 4 BIRE B, A ATT7E UNet HH &7 7 = 23k, 48 FH I ) 34 58 (TTA)
JPERT B Y OAR S EES, @I ORE BT = A N RFEFIA R FRFEH, 4B FEAT IoU BEAT 52 .
Song % A\ [16]#H T —Fh Compact Seg-UNet M %%, 54 | SegNet Fl U-Net FIOL &, BI04 =40, 1
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Peth 7 —Fhol 20w 1) 2 T 2 REEFRZEE B E S G 4R 7 #I B8 (RSE-UNet), FTX ES A4 EE
BEAT RS R B, A E 2Tk A T -

1) RV ZE & 1B (Residual block with Squeeze and Excitation, ResSE)t# U-Net # JF 4 [ hrifE
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Figure 3. Resblock module structure with two convolution layers
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Table 1. ResPath module parameter configuration table in RSE-UNet network
# 1. RSE-UNet (45 ResPath IRRAIELESH R
R i HH E I £ ResPath B4 &
ResPath I 64 4
ResPath II 128 3
ResPath 11T 256 2
ResPath IV 512 1
A ) A
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CE(p’y):{—log(p), ify=1

—log(1-p), & otherwise
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RN BRI — /Ny, TR B RS ERE, BTR. B ROTRNB RO ZERE R, BRI
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— potherwise
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= . (N
1 —aotherwise
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TEIXE, p, RBET BUIME S B0 y BHEERERE,  p, SR UL y, B RBHEf . o
A1y 2 focalloss FHIHEZEL, o HTHHIEAREARRIRE, 23— REEAREER /D, W] Do
DR o fl, KPS RBER LM IIELE, ABRFEARA AT B 10 /sy FH T35 2 70 M 7 SRR A
FIRLE, 2 y=0H, focalloss S5 TF L SCH AOAZ LB TR ISR AL, T y > 0 BT, focalloss I T X M 432
FEARKI G . (EAH, EESXIK o BEEN 025, y BEEN2, DURRFEARATHE &, Haik
BRI ] T ey SRR, FR SR HERA S .
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3.1. ¥iEE

A SCHTASE FH (38 S 2 ok H kaggle (AT B S Je R 8RR [21], Hoh 08 13,434 5K 3 H5E 00 94*93
FIES YR, 5 Hu%s A[14]. Saleh 28 \[15]. Compact Seg-UNet [20]%5 5 B Je oAk 0 BT S50 A
TR A R S — 8. Wil 7 Fow, R S R Tk N 2R 4 e 2 2 o S oA 8 i EHR S — Tk
r DAPI (4°6- [Pk J=-2 ZREEmg W) Je £ (1) NS I Gtk R DA K — skl i Cy3 G om R R B AR 1Id SRR
R EUR G AT B . 1B NSRRI 46 Fgvtalk, M AREMARS 4 o —HaE N8 12 )5, B4

(RIS 12 Z %é@ﬁﬁ%mﬁwéﬂé\iﬁi(ljj _ 66 7Bt 1k

X ERA G AR G AT M BE L e AN P R e, 45 2 SRR I E S, ZRIE W LI
AR . KNGO E RN EIR . SAZBEREIT AR 14,850 sKEZGOMAEE, K 1416
SRANAEAE 8 B MBS, OREE 13,434 7K 94 x 93 BERME S YL OMEIR, EAH, XEEEHIR
FEF| 128 x 128 LA RN EK . DI FE S R ORI EUES N, KR 2 KR EERD T o
A, W H AR 73 # XK AEI 73 Be itk a MARE R X (a-aN ), O pIFEBXE(S-aN p),
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Rtttk o HROAE BRI EE X (a N A X (aU B). HliE i i aEsk BRI BN — 40 FIFRAE,
Wk 8 o, K 8(a) R e tafh a Ml p EERIEIE, K 8(b)~(e) A B 7> BIFRE BRI, K 8(b)FIE 8(c)ar
TR R G Ak o A1 B AR E B XAk, 4] 8(d) X EE B X3, ] 8(e) % Y 5% X 35

Figure 7. Combination of DAPI (Chromosome) and Cy3 (Telomeres) grey images
[ 7. DAPI G &4)FA Cy3 (kD EGE & pk b7k B E

(2) (b) (©) (d (e)

Figure 8. Overlapping chromosomes image and category label. (a) Overlapping chromosomes image of chromosomes a and
B, (b) Non-overlapping regions label of chromosome a, (c) Non-overlapping regions label of chromosome £, (d) Overlapping
regions label of chromosome « and £, (¢) Background label

E 8. EBHRBEEBMAEINTE. (a) RBEEF oM pHNEBRCEKER, (b) o REKIFEBXEFE, (o) pRE
FEEEXEARZE, (d) o pREEFEBXERE, (o) BRIFE

3.2. SEIS4AYS

AR K Pytorch HEZE, 7E Intel(R) Xeon(R) W-2175 CPU@2.50 GHz, 64 GB 7%, NVIDIA
GeForce RTX 2080Ti GPU Ab# 3% Fizfr.

AR 5 A NI UFTE[22]3E47 5256, VAR b A . seatH,  RAR o5 A S AR SE 1Y 20%,
HARBHE N S Ay, Hd 4 S ERNNGE, 1 N TENIGIESE, MRS IS LR R
8. Adam TRAGES B /IMESR R EL, & BRI ARYE B0 FE T BRI 0 B & S S 2 2] 2, WIUR )
HE NEINMAE 0.001, HEAEHEIR/NEE R 8, SLieH i 545 (Early Stopping) i, EI&EA epoch #B A
SRR FEAT BRI VERRBIE , IR ORAF B S FR IR IR T RE (S 28 IR AR 400 2% f /N IR B AN FL, i SRAE &S 3
AN epoch Ja A TR ARSI IEERE, WIHEAT 2% ) 80k, R E N 0.5, WRAEZESE 9 1 epoch JE 1)
R R uErERe, WZIEYIZod 12 DL i 5, SEERW KBS E L 2 s,

Table 2. The hyperparameters table of experiments

=2 LWBEHR

e 2 Ml
s 8598
AE5E 2149
A 2686
Batchsize 8

it
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Continued
i P 0.001
TP 0.5
2 2] B RRIEAIREL 3
IR ZRE Rk SR 9

3.3. iR

AW EBZROEN D EUESEEB RN RS, BB R MERS N 4.1 FTHREN 4
G, PSR EE BT 4%, FRE F 22 I L (intersection over union, LA iR IoU) [23]8014r BRI R
(Accuracy, AT EIFR Ace)fE BRI PERE PN R AR o

1) EESPEOARNEES S, HARor 5 X308 5 R 2B 5 X —/ sy . i, TsX
SR oy BRSBTS, IR 5 1 B B P BB B . DAL B 2 TP R AR S i 2R . A [l =R
&, AR ML R . BT AEAR S, ASCR A H L oUYE R PPN AR e, A (O)Fis.

ANB

IoU = m (9)

Horp A FORBA 7 BISR, B IR B LS 45 R (ground truth), ToU I 1, IERIREA 7 H1 ORI
If o YRR HE B X0 — MBI XIS, BRI B ToU VR T F6 b5 ] DUSE S b s 7 1 2% £ 7
HFITERE . (HASBER RO ESXIRRAD, BERGIMEER, — MUNMISEIH R B S REOTL R
PREE BRI, ASCADUH SIS G (iR B B XU ToU F54R(1CAE ToU), A 51 ANPIAS Gt iR
B & XA ToU 48FR(51EAE ToU,\ ToUy), JEEIFA ML HERE .

2) N T SEAEHR R FIVEREREAT LA, ASCETHE 7 2 FIMERRALME Ace), HitHfEInAX(10)

FoR .
TP+ TN
Accuracy = ALL (10)
Forpr TP 7R E R IO A G (AR XCIAR 38, TN R IEF TN 9 T 5 R R HL ALL FoR &
AT R KA.

3.4. SKWHER
AR AR BB Y R AT 70 BB AT AL A R A 9 o, HP i O(a) R HSEARZE, K 9(b)s2

RSE-UNet 173 #1145 4 .
Figure 9. RSE-UNet visual segmentation results. (a) Ground truth of overlapping chromosomes; (b) Segmentation results of
RSE-UNet

[ 9. RSE-UNet AJfl L D EIER. (a) EBLERELIRE; (b) RSE-UNet IDEER

(2)

(b)

[
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KRS S 6 P H I EHR 2 BB ALIEAT LU, SR1F T RSE-UNet FAL/E 8 & Je ok 70 F4E 55 |
(G R . ALHG UNet [13]. Hu 25 A4 HU sim-UNet [14]. Saleh %5 A4 H 45 45 I [A] B4 58 (TTA)
f) UNet [15] LUK B T 145 IS 23 #1458 ) DeepLabv3+ [11]. SegNet [10]. CE-Net [12]. [& A4 34t
Xf P tHAE AL EAT 1V R SE S, DS UEAR A rh A MR AT R, TR T A SO TT R IR A O S B Kkt
V7 (1 S 56 45 5

3.4.1. AEBHEBXER 4 RERRm

ARSCE IR T Ak E SR RSE-UNet A7 PEAERAMA (S250, 4 Bk AR v it Ak 2 $ e B
3. 4. 5, 4> RI4r 4~ RSE-UNet(3L). RSE-UNet(4L). RSE-UNet(5L). EAIEEAFTEMHE bR b 7545
Wz 3 fizn, o, RSE-UNet(3L)4 I 8 8 8 e i (A BG5BT B, AEXHVR BE TS U B ISR BB
JIARR . PRk, 209 4 xof T 7 B (0 B 20 B LB B a5, R T 3 28 DX dsliad /I sl K 52 2% BB 4y 1
PEREE 2% . ML F, RSE-UNet(SL)AEHSHR I H IR 2R IIE UG S, BHF8UHHMEER S HREK, %
KT REMYER, AT EREGRRH %], 1 RSE-UNet(4L)45 & 7 W& 1005, AMUEAE 1
REE By e, T HRERS IR IR 215 B 8., BT DAHTE MR EE 4 - H AR E & X4 ToU febrim, H
R AE P 2% Y A AR B B X IR _E 1) ToU FRbR AER R A B i (A, 55028 RSE-UNet W45k H%
VUJZ A BB AR, DASE A PR FEVE SRR IUR Sk BEAN S o B 7oK, S B e iR (0 20 51 Mk Bt

Table 3. Model performance comparison table with different pooling layers

3. NE U EHAEEI M RERT LR

f ToU (%) ToU; (%) ToU, (%) Acc (%) Time (ms)
RSE-UNet(3L) 97.92 98.11 97.75 98.85 3.6
RSE-UNet(4L) 98.58 98.79 99.04 99.41 4.1
RSE-UNet(5L) 98.43 98.29 98.43 99.09 45

3.4.2. 1R REXTEL

AT EEA 4 RSE-UNet 5 HoAth et 4 UG 5l B2 2 UG o FIRE AL () ME RE XS EL, RSE-UNet 5 3o 6 4
W L& TEAN RPN P AR T B2 B BE 32 4 o MBI AT UG 2, Joit /e DA S Qe R X351 ToU 1845,
2 SERE LA R [1) ToU Fa AR FHAERG 2 (Accuracy) fE NP bRk, RSE-UNet 4% (1)1 g &AL T HoAth i 28,
Fz i B AR AT i B 2= B 4 BB CE-Net.

Table 4. Performance comparison table between RSE-UNet and other models

7% 4. RSE-UNet S HAIER A REXT R

TR ToU (%) TIoU; (%) ToU, (%) Acc (%)

U-Net [13] 95.52 96.01 96.23 98.10
sim-UNet [14] 94.70 88.20 94.40 99.22
Saleh %5 A\[15] 95.12 95.37 95.69 99.68
DeepLabv3+[11] 92.48 93.09 94.11 97.05
SegNet [10] 91.04 91.78 92.08 97.81
CE-Net [12] 92.35 95.04 95.51 98.01
RSE-UNet 98.58 98.79 99.04 99.41
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A LA B AHT 7t 32 H 1) RSE-UNet W28 fEF br 39 Frde Tt . STEAMT S h R I 45 1) U-Net AL,
ASCTTIEAE S G AR 7 FUE S5 F4s ToU FR bR A1 AER 22 79 51l A\ 95.52% K11 98.10% 42 =1 21| 98.58% 1 99.41%,
ST 3.06%A0 1.31% 1947 15 B BTRAT B2 BUR 2 HIRE AL CE-Net AHEL, ASCH ToU FRFRAITHER
RO HIM 92.35%F1 98.01% 2 =i El| 98.58%F11 99.41%, LI T 6.23%M1 1.40%14eTt; 7T LAE 7R & Y
R EIfE %S, RSE-UNet M REIE I T H ATAAT IR 2 BB 7 I8 CE-Net, 252 CE-Net
I FE AR S5 DAC B2 BF i K THRHME RIS, ARIT 2 RERHMERMIZEL, RMP & i1tk
KANAFT FRAE G BURE WG R NIRE, REKEE EEER, TEEIE RS #IERE. sk
WA RE W, AU IERER R L% 2Z T Saleh 5 N[15$R- 757, EEFERZEH 72T TTA,
1M TTA A& — 8 TR0 B2 5 32 R AR PR R I 77325, AT 90 1 H U2 DU A AN [) o) 8 A 28 F 2R
DAT T 7 AR S S0 H AR AE o

T N E L R SCHE 4 R BE, AR SCER S SR E SN, K RSE-UNet )5 %145
Lj U-Net, CE-Net %} #H & ek 1) 7 #1145 RaAT T A xt e, a0l 10 Bros. 18 10(a) W sk e e pk ) 5
S IXEARNEDL, B 10(0) KGR E X, ES XIA/NEFRHEDL, B 10(c) NP2 Y ORI
HE, ESXERKEEN. BRI, RSE-UNet f£% R ES XK E 5P RWEL, 1
CE-Net 1 U-Net 7£ H F75 [X AR /N L BRIV

5K Label UNet CE-Net RSE-UNet

(©)

Figure 10. U-Net, CE-Net, RSE-UNet model segmentation results in three typical cases
B 10. =F#EERT U-Net, CE-Net. RSE-UNet #RI5rEI25R
3.4.3. jHRASCH

T VFfl RSE-UNet M%) ResSE i, MDPAC 5Bk, LLJ& ResPath BEHH M, A0
RES-UNet W 28347 1M RISEES, SLBih 7 7 20 EESEg, PPAS AN RSO T M2 1) 2 BT RE, 413k 5 s,
HAKME, 9INT ResPath J&, Zefif 1 mfdhidas 2 (M TE LZEEE, 2HITEREEL U-Net B8H 1R M. fEILEE
i ESINT 2 REREGF BTG G, 8% 8 &R G 2 REERHE, 70 ®IPERESCH #E— 2T
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A% ResSE Hun 84k 7 EIVERERIFE TR B4 1. BRI AT LA, T RS0 i b i 25 MR A Bl T
RFEEIVERE, Hro ResSE BBl K I VERESE THZ S KK, MDPAC LA ResPath i3 %] RSE-UNet
2% (B4R > IR A — 52 BTk

Table 5. Results of ablation experiments
5. HRSLIOER

RSE MDPAC Res Path IoU (%) ToU; (%) IoU, (%) Acc (%)
\ X x 96.88 96.94 97.03 98.80
x J x 95.92 96.11 95.98 98.77
x x v 95.60 96.02 96.35 98.60
\ \ x 97.25 97.36 97.41 98.98
x \ % 96.85 97.12 96.99 98.50
\ x V 97.01 97.23 97.09 98.71

\ v 98.58 97.99 98.24 99.41

4. &g

ASCHR W T RSE-UNet M%%, FT B & EHE G ORKE, GEM N R LN Qe taih i R
AR 2 Wi B L AT S s N T SN B A% R 0 M BN DR e A, T BR SRR, v e R 2 T
R MIERA L, o Bt 7 0 I 51 EAH SO 2 W AR 7 B B2 . M2 R Res-SE BLERUER
U-Net A IIRREG R, S NEIEE R U], (E2E (5 SRR R, 5 ST 8 1 ) R Al AR 15 2
BT ResPath Ji/b 14l ds . A#AD A (0] (035 SCERR, SRR S M i AR SR 2 RS 4R
TGP, §RRLRZE, SOZ NSRS, P RED TR, RN %%
BE TE SRR, DOP R SUE IR BN RS FE AT > B R . O T IRAEA SR K
RSE-UNet B8 (A Rk, ASSCRILS 6 Fhdaidt M BR » H105 ATt WP 4R F5 ERFE , RSE-UNet
WZR T REE T HABRLR, $eim 1 E SR Ok BRI BIRS L .

TEARI) LAE, A LS A SO T2 i) RSE-UNet W45 H AR VAR & o e B s
R SR B P E S Y tufk, A3 T A ORI IEAT E S QL R R K 0 %), Ik, #% RSE-UNet
R 0 28 IS FH T S 81 i 1 4 € AR A0 7 BHE 1 AR PR 4> I 1) 2 BRI T 7 )
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