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Statistical Karyotype analysis using CNN and geometric optimization

LiKang', Xie Ning"", Li Xu®, Tan Kai'
(1. School of Computer Science and Engineering, University of Electronic Science and Technology of China, Chengdu,

611731, China; 2. Glasgow College, University of Electronic Science and Technology of China, Chengdu, 611731, China)

Abstract: Karyotype analysis is one of the main techniques of cytogenetics through medical image processing , which plays an
important role in modern medical diagnosis and treatment. The process of human karyotype analysis contains two key
components. Firstly, chromosomes are segmented from metaphase chromosome digital images taken under a microscope.
Then, chromosomes are analyzed, compared, ordered and classified one by one carefully. Under this procedure, the operation
on segmentation and classification is cumbersomely time consuming, where traditional geometric or statistical methods only
have limited effect due to low accuracy. Thus, in most conditions, human effort is still heavily required to monitor the
workflow and correct the errors. In this paper, we present an integrated workflow to segment out and classify chromosomes
automatically using a combination of Convolutional Neural Networks (CNN) and geometric optimization. We investigate
Mask R-CNN (Region-CNN) to segment out chromosomes from metaphase chromosome images and train a CNN to classify
the sub-images. To improve the performance of the segmentation network, we adapt a new local feature-based approach to
synthesize images on the annotated data. Furthermore, we develop a geometric algorithm to straighten the chromosomes
before classification to ensure the consistency on the training data. Experimental results demonstrate that our approach has
better performance on automatic karyotype analysis.
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Fig.1 A metaphase chromosome image (a) and the cor-

responding karyotype image (b)
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Fig.2 The pipeline of our system :chromosome segmentation, geometric optimization and

chromosomes classification
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Fig.3 A simple but effective method to synthesize pixel-level annotated images for chromosome instance segmentation



4 {EF Mask R-CNN L aES 2

22>

- 120 - M A RFEF M (A ARF) 5 56 &
i)

G R o3 BT 55 7 22 G 44 b 40 (514 b
G3H R — AR G R A A (H X S8 1] e A AL
Lo A, i A A Bl 2 T, e 0 R 22 ) 0 28 2 flh
B, P 0 o 0 2% T T DL AT 5
(1) HARAI, BD A8 M 2% &1 Y 8 5 A I i g 6844
D35 (2) 48 R Gy, RD T 20 1 43 3 B 1%
RIE T W — AUt i, 85 500 310 B e o fk 2k
XN S . ASHIE 98 R A T Mask R-CNN. Mask
R-CNN & —/~ 38 R Z % H bror HIHELE, 73 =
AT B — T R L B BUR T AR R R
PRI, 1 ResNet-101 i FPNAE Jy =T W 4% 5 48
T O R X 38 (Region of Interest, ROT)
B 2% (RPN) , T ROTAY $2 52 ; 38 33 ROT Align
P B SRR X I RRAE R A7 X 5 i AR =
53 58 BUHE A A= B 43 25 R TR AE A= 1l i AT 55
Mask R-CNN B {9 £& 4544 7] DL jE HAR 47 56 1wt B
Bl 2 AR R G B A5 o HIE 5 .

5 ETHhasy/laii

S g, Gt 4 T T M HE 51 A Gt 4R
WIER b B La Bros X 3 m 17 g ik 2k
MERE (0 2 881 AR 22 . b R EAT 43 ST
BT YL o AR fh B #E E , Sharma et al'" Fll Swati
et al "™ [ BFF 7 45 SR B, % 7 15 BE 3 4R 4 2
KB . SR, 8 A 7 FRATT A Bl 4 b AT A ik
RBA 7k AReTe A B P S i e
TR LRI AT R e o R T B S i e M R A B

KT AR PRI — ], X A A Sk AT
T, R
5.1 iy B K 4a() ZR 4alv) Fin, 15k
X G o 0k - MG AT A AR AL B SR O AR T, AR
Jo X 5 R B B A ASCIBORE O 4l 0t A LA 57 N = A
W KBRS IR =ML G BT A N = A
T 0 rhG A i e A B rh il S SE e A5 R AE DT, A
scikit-image J7 &M H  SXREERAE |, 3RAS 1Y b il
I3 CHE D
5.2 fIEAF#  Javan and Setarehda ' #F 5% &
B, AW A D s e AR PR, W] LS o R T
P 1 708 A e 3] G o 0 1) 257 s, (H >0 e 0 (A )

02 11222
(ORI GG @G
(®)

4 @OVMBETEFTN=ZAEKRMNELEEK P L,
(ViR BIPNE =, (viD I B F R ETE ; b) ) ARRE
7% IR B Ay F B, (i) #0 (i) A scikit-image' i) R E IR BUE 7%

Fig. 4 (a) (i)~(v) locate the medial axis using Delaunay

@) v &) D)

N

(
(a

triangulation, (vi):find the cutting point, (vii) cut and ro-
tate the upper and lower parts, (b) (i)our medial axis lo-

cating algorithm, (ii) and (iii) medial axis locating algo-

rithms provided by scikit-image"*

A58 B R - B Bl LT o AR R B D) X
T B e i B A O AN e A IR i 5 B 2 1) fl 1Y
AL, SN BE A Hh R g R Y L A
WF 0K Tl S B T A i 0 AH I 4 L 1R B — R
LG da(vi)). T Al i w0 A o 0 2 e 84K
R ) 9 i, BT DA G 0 b R B L AR 1 R 4R
SR AT

5.3 & B RINTDIEA PSR RO E
1800 B W A>T 43, A5 B A B /N4 LB Bbox,
M Bbox,, = (1) s, Ko P, F1 Py, AUR L 11
WA i 4. FEAR B Bbox, Bl Bbox, 1 #F 3%, U 11K
e T EUIRAS B Bbox, #1 Bbox),.

Bbox,=I[P,; P.] (1)
Bbox,~I[Pos Pya] 2)
5.4 BEEFT HWRHBELIE K EG H K

IR 25 A B8k T — T A 4 5
% X TR mAT DR R A

1 n
Piz!
len(1,) 2 Lo (3)

o, 1, AR TS m A7 AT B, Pix), R 5
mATHER (A E SR . % 90000 i B S AR 1 52
B 25 R %5 1k M RE R R e, T
DIKG 2 S 0 T A R 4 = 2 2 00 (LR B s )

6 (EAZH N CNNLELEESSE
FAE 77 ¥ 0 AV o B0 B 2 B TR A 1 R g
RIS R (0 AR TR B 2 A8 1 . 2 Shen et al #42

HAYZ RS CNN R &, R SCGTH T —Fopi i £
i AN CNN R JET G o A /Y 4325, I 25 25 4 an & 2

Pix!, =




1 B

JRE AT « T A AU 22 19 28 A LA ARG A B BE T 2 6 AR A B 23 B O vk - 121 -

FioR . Z Mg R Z =AM AR R R EE A
Y5 R AR S B B R R R R R
B4 Ry AR A 2 % B A B S 19 B R 3 R 3
FEAE T4 2 150 B i 6 4 1 Ry FH M AR
Ty =0 (1) 38 1o 58 22 W 28 $2 URRAE 5 (2) il &
=AML B RRAE I 5 () FERlG A RHIE 1 i 2
J2 BRAILHEAT 43 SR T

% He et al ™" $2& H (1 5% 25 [ 4% 19 Ja &,
ResNet-50 1 2 FRAE £ B 25 . 5t if P 45OR i B
JEME R E ST - 2X 2R Kib 2, R )5
FR B J5 0 [ — A i A 5 25 I 4% K R e il R
AE 42 Bt KAk . 78 CNN W4 0 8t 2 5, 4 R
E L B R AR A B IS YRR AR 4R O 8 A 2R
N T e R AR R S AR A fE ] — > con-
catenate )2 HEATREAE L&, T FH — A~ )2 FC
J2 20 LR 43 25 25 oK 2% 2 33K 8 il G R AT T EL A4 2K )
Z 8] G R

Ry T AT X A RO B A e U 2R = ok
1Y) CNN B H B 845 SR 5 418 = A R 2% PR AE —
A2, [ CNN B S50, RG240 25 de s i Jm

0 A R R B, O — DR K R 2 ) &
(0.0005) T #4715 .
7 FERMITIE
7.1 HBGER WAHEFERESGRE R
FF 343 7k TF AR 1 5008 AR AE ) (19 B SRS A T
B T RS 1508 7S A I 2R 800 4R R A4S 0 4k A
A, Bl AR B AU SR BN RS A BR . FRAT
fR A A L Abdulla ™ g 7 A AS O S A, 78 DI ot
T2 o T X Y o R 43 BT 45 TR R T 4 M S R
RPN By — Z 51 4 1 X 38k /N % & 4 [8,16,32,
64,128], Mk L% E }[0.5,1,2]; A T #1E ROT
FEBUA ERR 2 ToU (Intersection over Union) ¥ [
H BN 0. 7. i JHAE COCO ¥t 5 b i Il 5 4f
14 SR X A% R 1) Sk SR AT S0 . YR rh il BL=
0.9,8,=0.999 i) Adam 43 25 %% . 2= 2] Ryt ik N
0.001. &M EAEIAE — F Nvidia GTX1080Ti GPU
AR 60 (epoch) , B U ki A W 5K 1K |

Oy EN ) SIE S5 SRR 1R BARFE RN B
T I3 A KT B A 4G

F1 FEMEFERRBEE LISHERENKE ERMKER(%)

Table 1 Experimental results of our segmentation network trained on different datasets(% )

FIEE M4 1(AP) ik 4E 2(AP) Mk 1(AP,) Mk 4E 2(AP;,)
3435k F TAR A B A 52. 059 44.488 90. 590 90.010
3435k A I E 47.563 31.805 88. 194 76.967
1000 K45 T E H 53.476 35. 450 91.657 83. 855
FTARERG R R L6 1:1 57.827 41. 882 94. 030 91. 931
T AR EFIA BLE R LR 3:7 57. 841 43.248 94.563 91.673
T LRREEFIA BLE R ey 104 59. 998 44.794 95. 644 91. 662

TS A 4R 1R 100 5K - ThR
BOPE 2H %, IR 4R 2 i 100 5K T AR T EHE A1 100
KA UBCIR A 41 . AP 3R ToU {4 0. 5~
0.95 B35 F 85 B, AP, &8 ToU B{E 4 0.5
B RS B . 7R 3435k B A B4z A,
a4 1 2 AT IR, AT B AL AP=
52.059% , AP5,=90.590%. Y& A X} kb , 76 JIl gk %
P FE PR A 2026 B9 T T bR 0 B0E A1 80 Y0 1 A A
s AP 800, APs 4 i 526 75 H At 2% il
A 1A S 4 SR e N it e 4R 1 S

i, A A A )R B (S I IR R ). Y ToU %
BN 0.5 B R A 1 B AY 4 E e R R

95.644% . Mk 46 2 - 5 I 1) 55 280 o A R 0] Oy
91.931%. K5 IR T 75 F A2 gy o 4 b ] 181 1%
ISP EEE NI RV U =3 Fo 3 SN R o CR RN
MM AR T ARR R R AF

7.2 HERER 48T IR E A E RIS,
R M 9 sk . i K R & i B
IR Y b B, IR G 1 R 5 A LS 1
[F) B i A 26 . 8,=0. 9, 8,=0. 999 ) Adam



- 122 - B RF 2B (A RE)

% 56 &

-, @ ~ ~
(‘-". L » \’}‘(, A . \"‘:'\é
"‘» o ey ff}\ - o ™
s 87723 ~ TS L S fr \n /
8 = =N A ~N J 8- ./'/
L I‘ ? ‘I > '. \
" 2
/ -
\‘- -,
'\\l\. S2s T
g ’, ! B 1 )
ooy TN~ =\ iAy ' Tha e
L P A S 4 T S e
- 1L \‘7-\\ s .\" -1 .
| ‘ﬁ, \\_'\l -
.

5 oRIM%ER S

Fig. 5 The mask generated by segmentation network
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TR 0. 9941 L9737 0.9862 0.9370  0.9611 0.9677 0.9615 0.9191 .9251 0.9401 0.9715
PERIR: S 0.9861 . 9927  0.9887 0.9554  0.9295 0.9841 0.9619 0.9337 . 9246 0.9446 0.9729
F143% 0. 9901 .9831  0.9875  0.9461  0.9450  0.9758  0.9615  0.9267 .9248  0.9423  0.9426
BRI 12 13 14 15 16 17 18 19 20 21 22
L % 0.9681 L9681 0.9322  0.9490  0.9639  0.9693  0.9643  0.9426 .9644  0.9425  0.9291
FENTES 0.9678 L9813 0.9397  0.9406  0.9639  0.9726  0.9469  0.9571 .9571  0.9560  0.9301
F153%4 0. 9644 . 9747 0.9360 0.9448 0.9639 0.9711 0. 9556 0.9316 . 9608 0.9492 0.9296
e iR ) X Y AVG
ViR 0.9493 0.9200  0.9567
PEN S 0.9407 0.9327 0.9552
F15# 0. 9450 0.9263 0.9552
KFE)T0.9901; RIfli 2 R A 21 Y Je B 4K, F1
B SR K E] 0. 92. Conference on Computer Vision. Venice, Italy:
IEEE, 2017:2961—2969.
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