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Abstract: Chromosomal abnormalities can lead to serious diseases, such as chronic myeloid leukemia and down syn-
drome. Karyotyping can count chromosomes in metaphase images, segment them from the background, arrange them
according to certain rules, and observe and issue diagnostic results. Therefore, karyotype analysis has been widely used in
many modern clinical fields and scientific research. However, even an experienced cytogeneticist requires much time to
complete karyotyping. Although machine learning or traditional geometric methods have tried to automate karyotype analy-
sis, most of them have shown poor performance and do not satisfy clinical requirements, which means that cytogeneticists
still require much time for manual intervention. While many deep-learning-based methods have been proposed, systematic
reviews are lacking. This paper reviews the recent literature and summarizes them into chromosome counting, chromosome
segmentation, chromosome cluster classification, chromosome preprocessing, chromosome classification, and chromosome

anomaly. First, the chromosome counting methods are summarized based on bounding box detection to accurately identify
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each chromosome on the metaphase images. Specifically, these methods need to find candidate object proposals, classify
them into different classes, and refine the locations. However, they must solve self-similarity problems, over-deletion prob-
lems, and inaccurate localization problems resulting from overlapping chromosomes. Researchers have also attempted to
accelerate model inference speed through lightweight backbones. Methods for the chromosome segmentation task can be
divided into semantic and instance segmentation methods. On the one hand, semantic segmentation methods can only solve
the problem of segmenting chromosome clusters formed by two or more overlapping chromosomes, and some post-
processing should be introduced to splice chromosomes. On the other hand, instance segmentation methods can automate
chromosome segmentation, and additional supervision information, such as key points or orientation information, can fur-
ther improve its performance. Given that some chromosome segmentation methods can only solve a specific type of chromo-
some cluster, the types of clusters should be identified. Existing methods roughly classify chromosome clusters according to
two criteria, namely, based on the number of overlapping chromosomes and based on the interrelationship between the
touching and overlapping chromosomes. However, from the methodological perspective, previous studies are mostly based
on simple convolution neural networks (CNNs). Therefore, further innovative studies on chromosome cluster classification
are required. As for the chromosome preprocessing task, existing methods mainly address the two preprocessing tasks of
metaphase image denoising and chromosome straightening. The metaphase image denoising task is solved in a segmentation
manner, where the chromosomes are regarded as a whole area that needs to be segmented from the background and impuri-
ties present in an image. The existing chromosome straightening methods rely on generative adversarial networks to
straighten curved chromosomes and generally follow the image translation or motion transformation framework. Benefiting
from the booming development of deep-learning-based image classification networks, the chromosome classification task
has also received much attention and development in karyotype-analysis-related tasks. According to their properties, the
available methods can be divided into 1) simple CNN-based methods, which redesign the network aiming at chromosome
instances instead of directly using the famous CNN model proposed for the ImageNet dataset; 2) feature-contrastive-based
methods, which extract representative features in a contrastive manner and then classify them through a simple classifier;
3) image-preprocessing-based methods, where super-resolution methods are applied before classification to unify the size of
chromosome images or enhance the banding pattern features using different filters; 4) global- and local-feature-fusion-
based methods, which explicitly crop and extract features of the local but important image parts and then fuse them for final
classification; and 5) complex-strategy-based methods, which solve the chromosome classification task by detecting chro-
mosomes from metaphase images and improve performance using the ensemble learning framework. The final reviewed task
is chromosome anomaly that includes detection and generation subtasks. Despite being a subject of concern for clinical
experts, previous studies can only detect a specific type of chromosome anomaly through basic CNN or roughly discriminate
between normal and abnormal chromosomes using the generative adversarial network framework. Meanwhile, the available
approaches for generation subtasks are based on generative adversarial networks. At the end of this paper, the various tasks
and main methodologies are summarized and reviewed, and then feasible future developments are proposed. First, to fulfill
these tasks, multiple advanced solution paradigms, such as multi-modality and image question answering, should be intro-
duced. Second, chromosomal abnormality diagnosis has not been addressed because it involves the extraction of band-level
features and relational reasoning. Third, pretraining models in a self-supervised learning manner are worth further
research. Despite the unavailability of high-quality labeled data for chromosomes, a large amount of clinically unlabeled
data can still reduce the cost of data labeling and improve the performance of downstream tasks through the self-supervised
learning paradigm. In sum, deep-learning-based automatic karyotyping methods should be reviewed further to draw addi-
tional research interest.
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Fig. 1 Metaphase image and karyotype image
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Fig. 2 Prediction results of chromosome counting

algorithm based on bounding boxes detection

lem) , B G (R 9 — 35073 5k FR AR 2 1O P A5 e I
B — SR G (A 5 2) 77 o & 1 G (R R 2 XS
HT 221 FE (intersection over union, loU ) J& 4 [ Ji5 &b
B H ARSI A T

T g LB A L, BT Faster R-CNN
(faster region-based convolutional network) (Ren %5 ,
2017)HEZL (ANIE 3 F 78 ) , Xiao 55 A (2019) 4 1 T
DeepACE FHY , ZAAY 1 5B Ak 145 1 B BOIE 4
HE (anchor) RAE T 12 MRIEAFTE A AU RT A ik
PR 1B 60 07 8 B HE 2 A KRS 7191 B AE (negative
anchors) 2l 43k X £ 151 4 HE (hard negative anchors)
AT B 471 1) 25 HE (easy negative anchors) o Bl 5 8 15
53 )2 RAELE R AP, BIXE 670 451 85 4 >R A (hard
negative anchors sampling, HNAS) 757 . XfF /& &
B BN, Deep ACE KA G 45 G (R LA 7343
FREEBETT T 5 AR AR RS (template mask ) , FF45 555
BB (weakly-supervised template module ) 1
BT B R A AR R oK B B A 8 32 1 (candidate
proposal ) $& HU T A AR FFAE (template feature) , X 4
R R AR5 52 0 L B — AR R S | S 1Al
e K AH 410 1l (feature-guided non-maximum suppres-
sion, Feature-guided NMS) J&5 &b # 7 v4 b & FEVEH
AT BEAR BA AN [RIAR A AR A1 A 3R A G € 1R S 451, kit A
BB PE S,

{HIE , DeepACE J7 i I B A 25 18 31 ™ B 4 A
o X Y B (LT B SE N, PR T TR
DeepACEv2 (Xiao %5 ,2020) o BRAG AL RFAE $2 5 R 4%
A ResNet (residual network) (He % , 2016; Lin &F ,
2017) , DeepACEv2 i& fiif £t 1 5% Az 155 B (template



$28% /F 118 /2023 F£11 B

Fifik, Bl | FREZBEIWREFIFEGR

EOGIBRIXIR 2R

@ P
™ AR
PR X
FHIE
3 Faster R-CNNAEHIL5H4 (Ren 55,2017)
Fig. 3 The architecture of Faster R-CNN (Ren et al. , 2017)

DXt Al

LTIV

module) , I B IT T A 515 (19 3E i K (E 59 i
(embedding-guided NMS) 7 i B QA 5 b B 72
5 A Wang 25 A (2018) 42 H B9 HE R #5126 (repul-
sion loss) , DeepACEv2 & T ikt g fiE 1} 85 2 L (A (R 1)
(e A7 DX, 8 T X AN At o7 S o R £ T U
— 4k HE % #5125 #R %K (truncated normalized repulsion
loss, TNRL ) ¢ 2 fiff /™ T 119 25 P H 25 5 800 5 i A B
R, S TR R AL Y Kang
25 N (2022) ¥ 13 4 % W 2% MobileNetv3 (Howard %5 ,
2019)1E K Faster R-CNN HESL A REAE BRI 2%, D)5

PR 0
1. 3 l%\z:é:

Li LRIk, A Ik B g R B e o

PRI 55 o THEUE SRS = Qe O ARG B
TR e R KRR AT AN R A S i
JI L RR BI85 55— 7T, e 1) B (5 (A 0] Tt vl
X FR A FOHE R BT A, W B s A 0 A
AR BRI BN B BT R DT 1] o B 7
V57 TR DA 00 26 1 e, e HE SRAE T ik (R Sk
L4 I Ak B AR R A R ] US4 2 R RO D B
X G AT S AR BEAT LA , U T B 5K
2R 5 55— T 1 DU DA $R B 265 1 A, e o e e
G T 2% S USRI SN B . (H2 , ERIE Y 3
OSBRI AR 94 A BE5E 400 5 Ir Ayl g
{UPCRCRE S s 0 =3 LG - e L1 S R /W DB
i ME— B PR AL T L iR, (EAS Al sl Fd) R A 00
O3 BOATS D01 A I R i LA A 2R . R — B
B, W52 53— 7 i ] RLsils | AR AR R TE
3 3t PN 100 AT R O PR AT FR A e B T
PEIALRE , {E 5 2 O T Y (PR 22 1] 1P S S50 £ R T
Bk s 53— 07 ThT, 2 TSR AT A G R RO R
ABRIE ) o 1 PO BAT B 2E0H S5 B A S
RN L2 R S 3 45t AT LSE B (A4
o GO R R RS IR 1 R

®1 REERITHAEHELLS

Tabel 1 A brief summary of the chromosome counting methods

SCHR EEITIE

LGRS PAE

Xiao %% A (2019)  Faster R-CNN, X G 4254l , JE T B AFAE (1) NMS

ResNet, Faster R-CNN , Yk 71 {5147 4t ,

Xiao % 2020 -
iao 3 A.(2020) IETIRAEHE A NMS
Kang 25 N(2022) MobileNetv3, Faster R-CNN

WCR (X% )= 47.63%; mAP

SIEEITI ) - 99.45%
GYEEIT P WCR = 71.39%; mAP = 99.60%
BYEEITHLI mAP = 98%

2 FEESE

2.1 [EEIFLH

Ju i S0 h ) — SR YL AR R A
L 28 v ST PR v 3 ) S S 0 S g AR S 1)
IS — 20 . (HR, PR AR R G (A
oA, g 2 R h 2 E I
PAOR 72 5 S LG, 1R et AR oy BT 55 1T I
ME KPR . A T 58 s AR EE 5, AT R 2
TURBE 22 2] W 77 VA MR 8 mT LA a7 ) 43 A 366 1 5461 43
FRN L TR ST B e R o B inE 4 T .

& T BORE TR ) B SR e AR S5, B DL T Mask
R-CNN(He 5, 2017) AL BRI BE 2207 112 R H .

===

(a) FET G HEI G EESE  (b) TR SRR G faksrEl
K4 T 5B EIAE S HI e GR35
Fig. 4 Illustration of chromosome segmentation based on
instance segmentation and semantic segmentation
((a) chromosome segmentaiton based on instance segmentation

(b) chromosome segmentation based on semantic segmentation )

3367



3368

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 11,Nov. 2023

Ja BALT HN R SRR BT LTS A S i 752
3£ F U-Net (Ronneberger % , 2015 ) Kz H: AR Fb i) 4t €5,
oy EITk
2.2 ETEXSEIMEZHREESE

Hu 28 A (2017) & H 7 3T U-Net ( Ronneberger
85,2015 G A RIRBAL, 2O A E
DR AR Sy — 20 B T S PR 1 R
B DX G (AR 2 S 8 XA e (0 A E A Xk 4 2
OYEMESS o %075 BB G AR EHR R NI e (A 4
¥ H ST B Kb 1T BRI, i A
P4t 05 e e (IR Jr BIVERE o S Je A B 93
N %) A 8 DXl R e XS 2H 5 T o A e (A
OTEE WX T AR 27 2] fifp the e 4 14 73 1) 1)
RO, R HEBR B 27 ) 5 v VS I BE . Saleh 55 A
(2019) [RIBEHE H T 25T U-Net A H € 1 53 B 455 730 figt
RIS G AR R o BRI, 52 B ZR A0 AL
PR, BRI T U-Net 2204, AH LG SR 4204 98/ 1
J2 HSORT 3 3E K LA S B U5 o b R A
20 sf 298 5 25 & (test time augmentation , TTA) (Wang
85 ,2019) 0} 1 & Ye (0 (A KU EAT BUE Y 0 L 97K
WIGREl e, dE— P St U5 ), 4 e 1 1Y
PERE. (HJ , ARSI A e RNl 5, S B
(VRG-S wr s LV CHER Ny N N TDIE K22 S L
G B ERBRE . Frlh, Wang 55 A (2021b) #2
T —Fh LT U-Net 2244 1Y A 8 1 RS2 B 22 K% )
%% (adaptive receptive field multi-scale network , ARMS
Net) . ARMS Net )i H] 5% 2% # 7% (residual path) Bk
WA T 5 2R U-Net HEZE rh i1y BRER % 422 , 5855 F FH 2
gL 22 5 10 25 ] £ A A M 23 % 4 FL A 4%
Z I L 228E . ARMS Net i $2H T A G N £ %5
NGBS (adaptive multi atrous convolution, AMAC)
H & v AH [\ 254K il Ak (adaptive same stride pooling,
ASSP) 41 i F 38 I 22 ROBE R AE 4R B , S B A 3
PRI G 2 RERFIE . X TR PG HAT 55 TP AFAE
(AP A7 (] BT, ARMS Net %t 1E SRR AR (9 £ 50004 7
T AD SV AL . Mei 55 A (2022) WA 55— £
JE R BRI TP 2 R R 1R 2% 2 (adversarial
multiscale feature learning , AMFL) HE 42K $ 2 85 5 YL
A F AR PEALE M . AMFL S 8 5 L A fA
R 53 B Ak [R5 38 5 1 078 (image-to-image
translation) 1T 55 , 8 52 £% 14 A= W% 0 2% (condi-

tional generative adversarial network , cGAN) (Isola %5,

2017 ) A AL Az B 28 530 e S R IR 22 (8] 11 22
S B AR AR S 23 AT 55 A U AR R TR
45, AMFL % UNet++(Zhou %5, 2020) X 45 /F 4
cGAN PR A s | 38 2k 25 48] v AS (] % B ) %85 42 Bk B
e S 2 R R R Bl AN ) RUBE H A 73 1)
THH . )5, AMFL ¥ Lovasz-softmax (Berman 4 ,
2018) 15 29 73 4 2 S B 5 2 WIPERE . Song FE A
(2022a) W& 1 T —F % K Compact Seg-UNet [ 87
Y3 B Rh 24 W 4% . BEAY DL SegNet (Badrinarayanan
85,2017) 2 FEAARHELR A AURS B A~ 4 FRUZ LA >
TG AR, 38 filA T U-Net f) Bk BR 4 422 DU 9% b
TREZRER . b as byt Z 21k B
WAL & 5| (pooling indices) , 75 B i i #5 o 14 R AE
A A SRR AR I R

B2, DL B J7 B A RE ik e 19 2 e (0 1K B 55 1Y) i)
L, TN 3 kBl 2 g (R S I R SRR T
T A 3% — Pk 4, Cao 55 A (2020) 42 H 1 P B Bt
ChromSeg (chromosome segmentation ) 15 7l A5 7Y 1
55 1 BokE UNet+-+HESRY™ i S XU 3 A A HE SR, )
FHR 2 FIAR 48 B 25 TR RA A 35 555 e (A S 9] 53 B
TER, [A)In) SR5 22 )2 Ui SCRF AR R 00 58 S 7 X
B FEBAS S, ChromSeg #5571 i F TR A AR £2
A2 (mixed-weight focal loss, MW F) 3 -1 1F 61 £
AN LR, AL 2 Bir B 28 53 XL (crossing-
partition algorithm ) P 176 52 S 8 DI rp 4 B e (5
RS . 2R A S X0 ol 38 i 28 4K )R
S X O TR AR B A 5 — RAE B & X
W, 152 R B e RS {H )&, ChromSeg J7 7%
B 1 52 S A DX T At 1 A S DX BT X i a5
Hb, R AN JE 2 A RE R AT BRI 5t Y DX DT e, T
LR & KRR RSB ILACH R A
T HRAMNX — BB, Liu 55 A (2022b) 2212000 S & =X
TR NS U LART A ) BE R ICHE DR S R . 5T
Pt TP R B, R S DX IO I Y A DX
B2 44 IR IRV A AE 3 S X g
SOy AR I 4 1 2 A 5 S X ) AR R B RR TR B
BT, BT UL B SR, 7 UNet++3# HH B &
X5 AR B & X 85, % 0858 i Remove-
redundant 5 325 30 4+ P A WP R B ok D B 8 T4
T HE e DX ) 3 T e DI, i 2815 3] DT TS TE 4 119
ksl

A, LB 7 R A R S R i G (R Sy



$28% /F 118 /2023 F£11 B

Fifik, Bl | FREZBEIWREFIFEGR

DI BT , S P2 AT R PR A 2 0K 2 1 [ R4
PSR A HE . Bai 55 N (2020) A B ik I8 41 20 0 4%
G, LTI SR G AR . FIrLL IZESE
T — B T YOLOv3 (you only look once v3)
(Redmon Fll Farhadi, 2018) 1 U-Net L AL 20 5 1 4 £
RS EN D5 o B FERH U-Net 25 B 41 i 43 24 v 0 &
8rb B 40 A% S5 2% B, AR5 LT Y OLOV3 58 1 5¢ 7l
e O RAG I U i FAER YA B Qe kD)l o th T
DI v ] BEAF 7R H B BORG % 19 G (0K 7 B, BT LA
U] U-Net 852589 5311, 453 21 JC 5 PHE R e
RS
2.3 ETEOISEIMEHREBEESE

AR T e T Loy B R G (AR o B 7 vk BT
ST 3 ) G 5 A 53 R 5 %o T A KU ) BR ] B
N BRI AE N (2020)TA Ay i RAT: 55 38 3] 1 52 7%
e AR TRAAAE 2 25 G R IR PR AN S 1 A
I 3 T K 12 18 9 X 2% (path aggregation network,
PANet) (Liu 55, 2018) B8, $12 1 1 %0k G i o3 1 %
A2 3 g ) 2% (amount segmentation PANet, AS-PANet)
P 5% JI o G (0 A 5249 73 %) . AS-PANet BR 4k
AR A T 53 S2A 3B 45 T G o AR S % i
W3 3, B AR S a oh i W B5 5 3 v o #I R RE .
B2, th TR B 3D, o B RE TS A7 4 T 25
8] . Huang % A (2022) &1 XX — A % T —4>
e R 525 b 1 BT 4R 3 5 B 1% (chromosome
instance labeled dataset augmentation, CILA ) >k $2 Ft
BAL Rz AL PERE . PO G RS2 AR WIPE H bR, g
PRI BB S H07 ) B A0, B L CILA @ i Bl AL
0 2 P01 B BILSF- 8 i e 4 18 22 A A B B RE AR AL
Mask R-CNN(He %5 ,2017) BRI 5 , 2% fifk/NESH 42
H 5 ) i -3 J AR A R 22

B2, VST RE S YL ek [ gl Ak or ), 75 2
A 0 o0 224 TP 3 LR O IR B AR T ik
Huang %5 A (2021) A S Qe ik 4= 5 RO A2 (045
BET IUART 089 7 V3 LA KRS R AH R 32 27 > BT st
S RIS v [ e AR A 2 A R A, DR g A
TR A A LA BRI A Mask R-CNN i 4 (6, fA
Sy EIITYE o 0T e N LT LA S E I A A
¥ B A % 7% (iso-valued contour finding algorithm )
15 40 i 323 v B PTG 53 SR A 75 G (R S A5 o
@1¢f’£ﬂgﬁjﬁ(splices) RIEHERE AR B RS 114
JUARTASAE , ] 1132 268 1] U 530 12k 4 58] i A ) e 0 A

Y1 R, 805 FH Mask R-CNN AR L4351 Y (6 1A 7 15 51
Qe fhsfl . Fir L, X — I EAUT AR TE G A%, K
W R AR E AR T E ZR I REAS . Pijackova 55 A (2022)
TEPE I U-Net B8 2 (5 200 i 7024 v 1 18145 b 0 4
Az AR BT, 58 R RN o 9K 05 B Otsu (8 {H 55
A E T R U e B bR p bl 2 s, B AT e
THE v R H B0 M e A G (R S i S e £
TRH% . X T YL EIRHE , Pijackova % A (2022) i — 25
H H Mask R-CNN 58 Ji 3 (0 (R 5% 731, IF- £ B TTA
AT T (14 {2 B PR FIAER BH PR 5 24 . SR,
[ 2 JLAMTFEAE 45 /5 Mask R-CNN 119 4 & (4 5351 Jy
%, Chang 5% A\ (2021) W] /54738 4 Mask R-CNN £ #1
o3 E G RS R e 0 A0 0 TR, s
43,35 Fl e /N L AE JE (minimum bounding rectangle,
MBR ) R W7 LAl G (0 A2, 5 J 3 ek 5 S 5 e g
AR (HIE LI E R AR, B A E e
TRFEATh 23 X060 3 — 7 3 JC R A

DL ik gs A JUM R R FIR B 2 ), BRI t
T KA 53 S 1 AR o3 E G R S H Ry L (H
2B R ) 7 R R AR B IR
PR, 1 745 N (2020) 223506 B (R D5 [ 5 B R
BERL R BETF T BT Mask R-CNN (14 3t 51 3t 2 (6 14¢
SEAG) 43 ) J7 1 Mask Oriented R-CNN, T ETERA
19 3 A>3 S ) JE Al B T B0 ) 21 S HE Cori-
ented bounding box, OBB) i 43 32 , LA BT 5 %% gy i A
HE 52 J G (ARG B A8 L o BT XA ]300 FAE 240 T
BT A BE AL ZE IF H (angle-weighted intersection-
over-union, AwloU) £ 5 AR ToU fE &, TEHERD 43
S IR SEEL T A W) 45 FHGE [ (oriented convolutional
path, OCP) Z5 4, fii 75 A5 [m] 4 [r] 1) G 20 142 52 451 mT LA
TEA A B R e B IErT 2, isib T e ik 2 )
Rl i B X BN A T4, BR T 5 m{E ., Wang
AN (2021 ¢) i 2 A G 6 MR 3 A5 B A S M
{5, $& 1 7 39 58 € #% Mask R-CNN (enhanced
rotated Mask R-CNN) &L, Fi| H 22 Fp 5B B ok i
AR RIERE o B SN B i e R T LU i
PR i 8 J R B 7, R I AR E 5 | AT e i
FEHEARIN 73 S A Al b, iR 51T — S s A 43
S, 8 Ak v RS AT 55 kg G 4 1A o7 4 A B R Y
R LiudE A (2022a) WL 245 73 BB AL — e o3
e F B RGEAH A HIE RS BN TR T A
1F (regression correction) [ 4t £ R S 5] ) R 2%
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ZITIEAEAE SNG4 S G OU T, R 1 S AE =]
VA5 2 A5 1) 5 5 A0 82 5 AH DG 1) [ 03 A B [t
T T 5 43 RS B A 5C 1 43 B 585t tb , Wi F
— B REAEEE . HR IZA IR B T AT
B Yl o Ak 2 8] 43 A7 RIS 1) 5T S 49 4 A5 28 5T L 1)
NMS B AR 5 F 1 B HESE I LU i NMS Bk . #
Ji o FET A T A e R S 41 23 31 I 2% iR i 1 T
K-2Z It Fedtt 2 (K-ToU loss ) PRIER , 8 35 43 ) 1 AR IR
ANTFIASCER , H pe AR o At 0 ) e

2.4 BE

2 BRTIA R T S A Y R IR 2R e (R )
LSS 1 e SRR AR 5 AR B FUE S5
ANTRY B 2, e (8 1A 23 AT 55 e 20 i 8 DI [R] i 7y
BC 2 T AT SCIR G (R . i LA, BAT G (0 4 23 1) A
A E 3 O DX e MR e € A e o R
PERERYSEI . T A AR AT AR 03 S B T3 S5 )
P4 R €0 A I S TR 0 3 T S 491 S5 ) 2 € A o )
B

LTI S B 7 18— et 2 e BB R oy
R GO R e X G (A R S X, SRS
B AR DX I e e B e A, (HUR X 2595 1
TN 2 AT 2 1) T BERG A DX 53 G £ R 7 7 DX Al A
PR DI 5 2) 75 B RS ) RUBE e AR 1 Sy
HIRER R 5 3) 5 B8 IE A NS 2 (0 H 25 DI A
FESXE, EAEZRRORESHEIL. X
L R R, BTSN BIEAL T U-Net BB 45 4 42 1
T 2 RPERHIE RS HEZR B B IR T3 T
JUT AR VEFEARE o (B, R B b T SR R A
it LORE ST B Y R Ty IR B4 | 75 2 i 12 1
SEIRUIE .

BT o R O 1 2 BN B R e (A BT
TE X IO 58 AR 3R 738 AE X 607 vk T 1) 22
) R G (A Z BRI R A L o A2 — 5B
FETAERE H bR %A 1) A e (R 70 1) el P Ay 1
JUAAT 53k IR 39T P 45 m o G 8 e (0 Al /D B Bl
PREEFT R, PR i BT BB B 07k s
AR S IE IR TS BT i fHX A
Z W Bk a oy BRI T LA — o F e N R
LA AE A0 2358 rh 3] P8 e o b 1) i 14 e € A7y
H), IFXT 2 MY Mask R-CNNBALZE R 0T T R R
e, BT 1T 5 BTk i fE B R Ty
VERNEEIE D7 2245 S 1 —HERT B B 73 52 52

IR RTTEAR s (ER, B2 A 2 Y
1 SO 3 AR R AT 2 T 2V R — AP R T
HR R, Dy o FIRE T A e E S S A T
RO 2% T U R T A Z B B (S Gl e
G2 JLART 77 125 A AER TR BSR A i JBE , 56 = M T A M o
I AR T o 0 BB T e 0 o R AR S e
AR RG] L — DR A RIS TT 1] o Gt ii
IrFITTE R E R AR 2 R

3 RBEESE

3.1 [EEEm

TETNER 2795 BT PR i, A 2 — 0 e o A 53
B IO Y R A B L AR 5 B A 2R 2 1 e (A
SYHEVESS o BTLL, FI g o A R B F L P B IS 1Y
oy B A S g O AR BT R . Y
BT B0 e 0 AR Ay JE IR AR X R 2E
IE XBAFAETE ST
3.2 ETERMENENEaEKRTE

— R AR AR R AR e (AR rh S
1 g A% BT A R AR % . 4] 41 Somasundaram
(2019 ) K5 Y& (e AR 55 25 511 4] 4324 touching . one overlap-
ping .two overlapping 1 multiple overlapping 3t 4 Ffi2s
) ORIG B R T — T A R 22 T 2% 1 P B B O
KOk 1B Bea B BT B PR 2 N 45 58 1l
ORI 732 5 56 2 B BOE g — 2l i 8 22 4R AR IR
DI EI Lok 2 Ge ARSI, IR Ik T 45 55 1
W B AH ] 14 53 28 19 44 56 J80IE 6 — 5 i e A o 2
155

B2, X — Y OARFEARIC KL 20 T 52 e e (5
R P REIR G TR R A A E S AR, KW
I, Lin %8 A (2021) K G 8 AR 72 51181 4324 instance |
touching , overlapping F touching-overlapping 3t 4 Fif
i BEIUAE ResNeXt B 7 (Xie 25, 2017) HEAi |1
T 9 2 i 22 W 28 A2 JUAT A 2= o B B o
JEAERNCE] B R 28 AR S B e Y
AL JZ s R A 2 2H Y TR A A 2 SR 4 Ry 4
TEFN R ERRAAE o X SERFIE 28050 F- 1 2 (flatten layer)
Y I i A B 27 T 260 2 (linear layer) & 1EZ64E
B4 JC (rectified linear unit, RelLU) . it 19 — 4L (batch
normalization , BN) JZ Fl dropout JZ ZH il 1Y 4 25 W 45 15



$28% /F 118 /2023 F£11 B

Fifik, Bl | FREZBEIWREFIFEGR

R2 REBESEFTEHERSE
Tabel 2 A brief summary of the chromosome segmentation methods
SCHk fiff TR T EIEIES F VAR
Overlanoi R ITHIREE 0 99.22%;
Hu % A(2017) PR R HRRYE U-Net Itk VETEPPIE 3 g ToU 43914 94.70% .
Chromosome
88.20% #1194.40%
Saleh % A(2019)  FiMiEA Fehkg U-Net Jrik  TTA 33k (g}vlerlappi“g 18 F Y HIREIE 4 99.68%
romosome
BRI FIREE 9 99.99% ;
Net {9 [ 3 o7 %52 B & R iz appi e ’
Wang%}\(ZOZlb) Wi %ZU Net F) F i N 8% 52 W 2 ] gzerldp{) ng 3 K358 ToU 43 212 99.45% .
. TOMOSOE 99,779 #199.88%
L . N BRI EIRGE ] 99.98%;
OETIN BRI 2R 2T 0 ) o) R S i . ’
Mei 4 A(2022) FIR Ejﬁ%? ggg; SRR g}vlerlappmg 3K B 10U 43514 97.09% .
AT TOMOSOE 98,939 #194.37%
o DL SegNet A FZAELE , 71 FH U-Net Overlapping
= - %
Song % A\ (2022a) P S o R Chromosome average F'1 = 95.96%
; . ; % DX DA 22 (Over-
NIl = EaR AN 3
Cao %% A\.(2020) 2 it &Eg;gﬂ]%{;[z@i,xyﬂ b ChromSeg lapAce) N 99.1%; BH 21w
- H(SPAce) 4 91.3%
. UNet++Fi il 8 B X Jaf , 28 45 X A OverlapAcc 4 97.39% ; SPAcc
A K
Liu%§ A (2022b) ZAES 378 2o B B 5 7 1k G X, ChromSeg 492.86%
PEE: N . '
el S A0 pama ) PN EREEE IS iy mar= o063
o Py gy (o A S5 b 7 B 3 B 9 33 R . Clinical Chromosome  mAP = 77% .AP@50 =
Huang 57 1. (2022) FHER Mask R-CNN SE 451 53] Instance Segmentation 97.5% . AP@75 = 95.5%
-Net 53-#| L S SRl , .
piAC0o) gy oo T EEREROOTEN e et 99.3%
g 7k e S
Huang A0 g o7 F PR G e oo o
g U-Net BRI M m b FHIEIJE 24 Clinical Chromosome B .
Pijackova A (2022) AR PARBN YL AR, Mask R-CNNZ3#]  Instance Segmentation mAP =72.3%
_ AN S P P S
Chang S A0o) gy ok RO AMBSEOII e e 00.3%
i 45 N (2020) IS Mask R-CNN 454 77 10475 &, BIEESTH AP@S0 =51.54%
Wang % A (2021c¢) FIEIR Mask R-CNN 4543 5 A B GYEEIFHL AP@50 = 65.89%
- ‘ SIAT EURB NS S TIETEO o
Liu %% A (2022a) 1A 5 HERDHY NMS 7 3 T KToU Loss SIEEITHLE AP@S0=99.13%
FNWIMAER, Dok fd s Az fbae 1. Ak, iZ0t 3.3 B

8 ALK 55 Wi B 2% ] (weakly-supervised learning,
WSL) B I AL E (Mahajan %, 2018) fE H W1 44
38 15 #5 4 One cycle leanring (Smith, 2018 ) 1 Dis-
criminative learning rate (You %, 2017 ) Wi i)l 25 5w
S5 PRI SOOI, 7055 A I T A (A A S 5 2

K

LR LTI, e L RRR 23 SR 58 B A SR B o)
e B0 OB 20 B, (H e (AR 23 2R AT 5530 b T - I B
B, ARG R R MBS . AT R 0 AT 55
T i B4 3 2 () U B G — B G RIS 5 LA
RS g Jo ) 530 B ik 26 R 24 1 e (o A%

OYRAESF B R R . A D 1 BN A 4G
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MR, Toie R R L A BRI 2 5 AR
WU 1 IR IR A5 B B ZRA AR O 1 A/ LA
UNGRES/ 36/ Sl AR : 8 /3=ty | BIRL e A (S =
i GRS R RETC TR NN i PR A2 2R e AR FRAE A
M A SR MRS e R IR 2 [ A AU s 5 o
DL, $ B T UMK A, B T R B T hn i
Jo i G (RTS8 AT LABETH B Y R G T %

FURE RS ARAMEAR A 1 T 2R O 47T 19 4% 07 12
BT Y BRI ESS . BRSO Tr i, T
B ) T4 €8 P A ) %) O R G B DX, T LA
PR A PR O HE DX IR Ak A T AHDRE JEE 7 Sl 1
LRI HL 1 3 4R B 331 G SR A AR 2 T LA ik —
AR TS . ORI T IR A ) 2 A5 R 3
JR

K3 REBUBESEFTEEERLES

Tabel 3 A brief summary of the chromosome cluster classification methods

SCHR FEI A G S g
Somasundaram (2019) CNN SR Acc = 98.4%
LinZE A (2021) ResNeXt, 59 Wi = S Wl AU E , YR30 Chromosome cluster types identification  Acc = 94.09%

4 FBEfTmaE

4.1 [EAH

Yo (AR 3 A EIAR v RT3l B b A7 7 1 QN 20
i ZH 2RI Gl e T A R 7 3 LR 7 T BB X /N RS
et (= A TP, DRI X 41 i 53 24 v A T 45 Ay ik
T o3 H 0 Ny i ARG B RO,
U Qe R i T IARNIPE RS AL 2 5 B M A8 X 4%
Y53BT R SR 12 W it iR A%, BT DL — 34 B9
NGB T 3T AR O bt I 28 FL L Tz sl b
TIER G AR BT
4.2 ZHAESY 3 P HA E R PR

Altinsoy % A (2019) 141K fir A Gtk 2l e a4
JITAE DX A [R]— 28 531) X358 53 o S L4 fif - 24 v
W EMRREE 32 T — BB T U-Net (1918 43 %115
2%, B2 IR T EURE L 207 AL T JE
BOE , BN dropout |2 #E— 25 s 8 v fL PERE .
SR, 32 Aot 381 i 8 85 7 > RS AR 2 B3 T Ay 11, T
U 235 SR R R O B B AR e AR XIS VR AT 1B
1E. FTLL, Altinsoy %5 A (2022) 42 Hi 17—~ i 73 %I )
285328 I 265 2 ) R 20 TN 24 R A 5 N g e
fE5%5 o ZIrESE 1R TR HIM 4, e R s
T U-Net 5754 “ 4y i) 25 — R i 4 7 X R AL 44 L vk i
ReLU(ReLU before addition ) %% 22 ¥.70 A1 #l # (pre-
activation ) 5% 22 BT, #2151 ACALIENILRE ) HEE 5
TNt B0 53 F 2% 4 73Ry 3 B SO0 i
23R TS ST | G € AR X sl T SR A

PR BTN RS o 726 2 28 %05 Ik S X g
R REE G @R B0 & 2R AT AL R 5201 s
N R CR R Y N R | B CR GRS R A e € SR AN UDOE S
T A (object area) . 1™ T L (convex area) \ 4 {6 {4 T
K I B9 44 1% & {H (average pixel value on chromo-
some prediciton map ) FIEE G4 (4 S50 4] T f)-F- 45
% {H (average pixel value on non-chromosome predic-
tion map )4 FRFAERE By A 21 i 42 1 2 2 I
KM zgh, EBRIEG AR H R
4.3 FBHEFE

L UAR] 5 8 B g (IR 2 A A th i % 5
ZENFFEIRAN ARSI 0L, X AH T 5220017
JIF LA, Song 45 N (2021) 243800 FH EHR — S B )
HHESR i A e R Y hr 1 Sk A s ELAT T )
SR R Z2 201 A B A, DT T2~ T
1% B A1 L £ (learned perceptual image patch similar-
ity, LPIPS) ¢ J& 4 22 5 o HLROKR I, i WF 5 5 T
pix2pix 57 (Isola 55, 2017) Ky A~ 45 il 1) e € PR KT
YIGR T — B s R — UG B8 . 12071
T 56 B AR Y R S IBURAR B 42 (stick backbone) ,
TR A 2 G LA HARIR B SR AT B G B 84T i —
MRS . ALK U-Net BRI A pix2pix HESE 4 A4
JA , T A4 G R S B SR AR AR REAS T
FLYL AR B B A B REAS o XTI
B B U-Net [0 25 SRAFHDIR B A8 5 Je (0 1R 5
191 22 10 Ry e Gk G 2%, 000 75 21 B L SC g e (o fA, 5
e IX — 7 1 BN A G R S A RS
PERCAL 315 A R HL B A I A EK . Song SF A
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(2022b) #&# T ViT-Patch GAN (vision transformer-
based patch GAN) J5 ¥ , — Fl 5 T ¢cGAN (Mirza Fil
Osindero, 2014 ) FHE 4L L (057 BAT 55 Fefb iz
728 4T 55 (motion transformation task) . 1% 5 ¥
BT E RS 53T 1032 B Al TR (pea-based motion
estimation model, PMEM) (Siarohin 55 , 2021) E &y
cGAN YL it o HIE A2 BR 0T B (AR dii 4R 1L
BN, PMEM BB 25 1 AN MER BT H45 2R . 5
TR P PR AN R AR R 22 5 AR G 3
s T A 4 B 9 G B B AT AR D e 5, R I R
H T ViT-Patch(Dosovitskiy 55 , 2021 ) $1] 1] 2 , 38 15 X}
UG, it Ak B 0 75 e (0 1R B 1 LN A
TAHBNRERNZ BRI R, &5, T8RN
B BE iy 45 2k B, ViT-Patch GAN B JH| T SL-
matching (size learned perceptual image patch similar-
ity matching) (Zhang % ,2018a) J5 Z& 3k B4 46 ik
PRI NI AR A 4

4.4 REH

IR ==|

25 L RTIA , Y PR T A B T T A0 2
Hh T P e M A e (R LI 55 A X TR
W A 55, T Ml 149 2 B 2 ] T R0 20 41 21
AL CA KI5 5208 e A DA D R A i

1T SOOI R DA T o0, O B — APl i MY
IR R LR B R A AR G (IR DX, TERE R AR R A
R B[R B ol A M ER AR T R R RN B
Z 7 W) AR MU UM 2 o S 55 G (B AR B AR UL PR AT 2
Jo kY (O AR 5 VA T B E ORI, Rk
I PR 23 A e 1) 235 SR A9 N T e MR TR 82 R AR B b
28 o — 77 AT LA Bl AR O R i S o3 )
AR DAy A R , 368 a0 ) g R 3 ) o g PR 5
N TR 8 5 55— T T a] LA 40 g 2 ZURn 2 AR
0 REIR KR AR e, T I =~ Y S A
3 AR TR ) 20 B 2 790 0 X M S S A 0 M i, A
IBFIFEIRACR .

e AT B 55 T T e 64 PR AL T g i
GV AT LB R R . CA RIS
BT LR 2 75 s BT I DR B O 8 PR T
T AT I 28 T Tz sl A G (A BT
BT IEERG AT VIT RIS I B AR R
(EUR X BE T AR O I RS IR, 78 JCvk e ] A g
IS LI PR R o BT AR A5 22 [R) 40 a4
PR B AT Wi ah g @R R B0
PRI IGUE A U BT VR TR 2R i ™ A T4
QR BT AR ) 2B A IR 4 TR

x4 FEETABHEEGELSE

Tabel 4 A brief summary of the chromosome preprocessing methods

SCifk ff e Al FEIT g S FEMERE
Altinsoy 25 A (2019) T EMS R 9 U-Net HAEEIT IR Dice = 96.97%
. AL AR U-Net X 434 (4 H AR FEE Je 0 ! .
insoy & HY & I . \ N A ) A ice = 98.74%
Altinsoy % A (2022)  H 30 I {5 e g 5 FLT . JL AT 1028 [ 8 5325 T YEBESTHLAL Dice = 98.74%
Song % A (2021) YR E pix2pix RGBT GAEBEIF LI LPIPS = 0.097 4
iz Bl A i N c ; iolmLab chromosome
Song N (20220)  Hefufhippy oo DR VTSI CCANAS - BiolmLab chion LPIPS = 0.087 4
Bl classification

5 Fefak

5.1 (a4

J T EGRR S e R T E S
ISCN U A3 45 e £ R I AR Hi A bt L A% 780 151 F iz
Wt SR, BT DA A G (0 R 2 1) 2 A% U o B il R e bl
K EER—, SR, Lejeune 25 A (1960) BF 5T & P1
S YL e R 2 (RIS REAE AR BN, AN TR 28 e ok 22

SN T — 5 T, TG A R I A PR R AN
], 25415 K7 (4 BE ) AR TR] )2 et 1k 22 R 3%
Ko BXB[a] RS Gy (414 3 AT 55 3 kA
5.2 ETHEEBECNNEGHEDRAE
T e AR o B A — e/, — 265 T
SOk R A g R Sy S 454 . Sharma 55 A
(2017) B IRHR T T B TR 27 > i e A 1A 2] 73 2
Jrik, 2 LA (crowdsourcing ) A TE 2 M 41 B 43
Zrp i EG b A RO B AR S, aniEl 5 (a)

3373



3374

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 28,No. 11,Nov. 2023

JIE 7R, 30K 6 22 3o FHUAE 3 %) PRGOS rh i BT 14 17 B4
PRI 28 W 2% 53 28 o % M 2% th 4 D40 & 5 TR
ReLU . dropout J22 Fllig Kt Ak )22 9 45 BB H DL K PR A4
AR Z A —> 24 4E B )T — A1k 45 Bk 2K (softmax )
R4 L. Zhang % A (2018b) K 35 ARSI H 1%
2 2MENE N T B RZEE Ok Y s AL R Ik e
J1o WA 5(b) Fros AL RLRE AR 145 B R/ NS B
5 x5, FHOR PR B AR AR 1] 20 B, 6 s> 2
BOFn# WS, Hude A (2019) 88 7 — A~ H1 34>
B P B CNN 45, R (R 22 A A 1R AR
HES 2 NG BRI RN O S xS0 AnkE S (e) B
I TT VR TR RETE SE 30 R B Y G € (AR AN T
SO M BE R [ [A) B . Menaka 1 Vaidyanathan
(2022) #2 i T Chromenet 2 5¢ ¥ 4% 614 7 AT 55 -
WE 5(d) frzs  iZ M 285 — I 3 x 3 BB, IR
AR R TR AMRIA 2. i,
Chromenet 1525 {OK: dropout JZ2 4 A fie J5 1 4% 12 )2
Hh, ZR il R ARV R S BUN I UG R, Chromenet 25
T B S B0k /D (EUME LAk — 20 3 g e (A 73 26 A

33x64EBR | | 552565 | | 3x3x8HH 3x3x644 1
33x64BF | | 3x3x128FFH | | 5x5x165H BN
dropout 33t Rl | | 225l | | 3x3x64%HH
228 F AL dropout dropout 228 KAk
3x332B R | | 3x3:256B 8 | | 3x3x168FH | | 3x3x128%HH
3x3x328 8 | | 33kl | | 5x5x328H BN
dropout 3x3x 128 | | 228 kithifb | | 3x3x 128
2x25 fqAk dropout dropout 2x28 KAk
3x3x1632FH 3x3x325 | | 33256
3x3x 16341 5x5x 643 TR BN
dropout 228Ktk | | 3x3x2565
28 A Ak dropout 22k
3x3x8% R
3x3x8F
dropout
228 KAk
1024 HE4ERE | 120 4E4iids | | 256 dididits dropout
512 Yl ifdE dropout 1 024 4E4iE
dropout
| 24 4 softmax | | 24 4k softmax | | 24 4 softmax | 24 4k softmax

(a) Sharma (b) ZhangZE A\ (c) Hu%: A(2019) (d) Chromenet
£ N(2017) (2018b)
5 BLTfA] B CNN 2544 10 43285 W 2 28 4

Fig. 5 Structure of classification network based on simple CNN
((a) Sharma et al. (2017); (b) Zhang et al. (2018);
(c¢) Huetal. (2019); (d) Chromenet)

RIPEREFNZ AL RE
5.3 ETZRHCNNEHHSEFX

Lin 558 A (2020a) $2 H 36 F R 5 5% 22 42444 (aggre-
gated residual architecture) A9 34 €8 {& 43 25 [ 2%
MixNeto ZAALE LA ResNe Xt /E Ry T W 45 I
EREATACE-SS (adaptive network header) YE & 432K
o N TIMEMEL, MixNet 2 £ 55 U1 2k A 16 N7 X 2%
S, FEXT R BRI . Wang %5 A (2021a) IA K 10
SR AR R IR B — A 2 5 AR AL IZ (L R BE L BT
PA4R Y T LseNet 0 25 D1 450 8 78 1R & Bodin 46 B4k
it o LseNet M 2% 42 ResNet (He 55 , 2016) £l SENet
(squeeze-and-excitation networks) (Hu % ,2018) F—
5, 7F ResNet50 W 2% b [] 5 )2 thfin A T Lse #5 H
(leaky squeeze-and-excitation block) . Tk T #F—#
B R A BE ST, BR A SRR R A BB N T
HLO A 2R (center loss) R RIS NFFE . Sharma 5
A (2018) I Fi2 1 5% 22 4 BUIG 0 2 77 i 22 ) 45
(residual convolutional recurrent attention neural net-
work , Res-CRANN ) 2 5% i e o (AR 73 A1 55 . A
JeH H] ResNet50 £ g (0 (R SEBIRHE , BE 5 4 = A
G. S84 H JEE KA KR E P A 8 1 2 8 T
TR N G RFIELEE S H x K RFIEIT 51, 48
J&i , Res-CRANN F| F K &5 1 12 12 W 2% (long-shor‘[
term memory network , LSTM ) 45 YL 7 {4 S5 22 [] 1Y)
KEEBHMOC R . HIE, TR EH K, Res-
CRANN &R ] T 13 2 WL A5 43 B A B 56 1
FRAEF 51 e 55 28 S AH DG 118 B X s, 000 45 SRt
T
5.4 EFHEXMEMDEFE

Swati % A (2017) BE# e B2 il B e ik,
BRI ST R T T T rh A S R AR )
H (straightening via medial axis extraction and crowd-
sourcing, SMAC ) I & T 4% 52 1] 1 1 55 L (straighten-
ing via projection vectors, SPV) IR Jr ik . %5 , 1%
T T 254 4% (siamese network ) 2244 , 18 15 fE H: R AT
JE BN 53 3 A AR AR FRRAE 22 18] (4 BR LG IR 25,
P [A) AR ATE R AR 25 [ vh 1 (R R W S 2 B 4500, AN
[F) R MEA PR B I . e, 3K SEAE A Y IR 4k i S
[ 4 H — A 2 I A 2 0 2% A S LA
Wang 55 N (2020) 32 B & T 22 £ [0 2% ) e g 4 7328
T A A, B T B TR AE B R e 1 G A Oy
KRR, LS SETE ResNet50 (5 T M4 54
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BT — M2 )2  ReLU Fl dropout JZ 41 B 199~
Jie ¥ (extened block ) , FF7EYI 2k R FH A2 SUHR 61 5% oy
HOA PO s W s BRI RE Sy o HAR % T
125340 K 35 E AR TP R R RV SR i 24 28X 1 I bR
ZRAIE 1] 5 (1abel feature vector, LEV) , 2R J&5 i FH &
T W 22 FBE B I BR 25 53 L S i (1abel redistribu-
tion strategy , LRd) , il 4k W 48 1153 4 /MR 28 25 ], i
I fe 225 5% o AHJZIZ 07 LFV Ok B BIE4R , R RE
Sl TR i . BR T 2R A MEK Y U7 2, Gajjar
N (2022) i 2435038 ok = Je 52k (triplet loss) , F]
P AR AR AP E RS R . 258 it 1 mifh
T %, o3l B 2 = Jn 4 B K (offline triplet loss) #l
TEZE = JuZL 52k (online triplet loss) o F& T KRG 5
18 = TC L A5 S K 24 o I 248 il A5 5 A1) o S
TE B B T YIRS 3 A v 4 ik AR o 22 2 A
PLE K e T 4873 R 58 g (R 3 26
5.5 ETEGRAEMSXTE

Swati %5 A (2018) Ay Bk = 15 73 H A e (2 {4512
191 5 2 1l 249 G €A 53 PR BB 1) S B IR L, PR g 42
T Super-Xception F 71 | 38 1 ¥ FUH 70 HE R Z KA
o3 BG4 Ry s oy B R I8, SRS T Xeeption
(Chollet,2017) 732K M 25 JIWT Gt fh 5] . Horp &
U 7 BER 2 th 3 DB IR— B IEL AR ROt Z N,
TSP T = YA 82— KN I3 B R A
HERN ORGP AR R 2 i oy PR S AR
PR R 2 R . B AR 2 B 2 a4 o |
EJE PR BER GO L T o R EIR s
H1 Xception 732 M 2% FI T2 531 . Ding %% A (2019) i
o (5 (B Ak BRI 2852 44 1 7 12545 2 [ R 43 i) %
R, TEUN G (A RS 3 S 5 iU (iR 431 . (H)2
B AR AR E  Z R A T R T A
PR AZ AL RGO AR AIE B Ll B2 3G 58 U v, i 2o 4E 40
HE W % (wiener filter) FIIC I8 8 I 2% (low pass filter)
S5 R i Ay, 1 5 G £ A R AR 41
Mas o B, 1% WESE N Faster R-CNN A5 8 75 e 4,
A S5 P AR 58 RS I #2328 AE 55 o Liu 58 A
(2022¢ ) [ A K AR 73 Bk 3 1 5 2 i G (0 A B o xfe
LAY, JF ASR 1T SRAS-Net F TR HE R Ye (L f
oy3E. 2Tk E Jeiiad A TR T U 5 2 (self-
attention negative feedback network, SRAFBN) X} &%
Wi 2 ) AT 20 RO F PR MR b i) AR B A T
2SR E PR ARG RERBEERA

i W AR R (image adaptive module )4t — 53R 1
AT HER R LA R PR TR S BOK . fJm
SRAS-Net f# | SMOTE (synthetic minority over-
sampling technique ) (Chawla 4§ , 2002 ) 5 92: 38 1 5 %
VT RREATR (B 1 07 25 UBTREAS , 2 14 S 45
DI 5 T I F) 4 2 AR B AN )R, Lin 558 A
(2022) I\ Ay B ARSI B GOR IR B2 4 RANAS—, B
R AEAEMERE , BT LASR T e e AR Bl 3 48
1 (chromosome data augmentation, CDA) Fl &% H &
NoHE O (image adaptive interface, IAD) #% Bh & T
Inception-ResNet (Szegedy 55 , 2016 ) ) CIR-Net ( chro-
mosome based on inception-ResNet ) 151 1 5¢ p, e 4, {4
IYRATST . BT AR S CDA Jy ¥ 3 i g % AR
W R0~ ] ik S2 S0 % C00R 1) Bt B e 2 - B 78 48
TATRE G & — > 2 4E R FRUZ B AR I8 A ] RO i)
o 1A S ) R SR B AN [ 1) 5 v i L 4 — , PR
Inception-ResNet 58 i 5325
5.6 ET£RWEMHIEMEGHNSETTIE

E A 7 R 4 G (0 (A S0 4 SR RRAE 1R e, 1D
A7 25 > JR IR RHAE B9 7 %, T LA Qin 2 N (2019)
T B 2R RE R 4% (global-scale network , G-Net)
SR R FE M) 2% (local-scale network , L-Net) 2H 1%, )
Varifocal-Neto J:H G-Net 71 35 £ B UL (0 /4 R B 4
Jay Ak T 2R H varifocal ML AR 9 0 3 A X8,
SR J5 FH L-Net 12 JBCH 5 DX A by 200062 52 JR) AR
1% J&i Varifocal-Net fill 5 P FlURFIE P4 A 22 )22 AL
Sh 0T G €00 A 1) 28 A1) AR P i i >R P R B SR WS AR
P SR PR R T 25 2R o X — 7 R A R R A
FRIEDRAS T OHDRLEE 42 Ry R AIE B R £, X0 R 7 40 59 A
) 4 ) 2R g (R B B i iz BB B0 . (ER
Y G O R AP A BRI BE AR . Wei SN
(2022) [AIAETE R B 25 5 2% 18 4 R 5 B AR AR Aw B
FEME AR T B i AN AR 8 S A5
it 22 W 2% (input-aware and probabilistic prediction
convolutional neural network , IAPP-CNN) . % A JBGHI
L (input-aware module ) 38 3 1 & J1 ML, 8 7 46
KR i S 42 Jmy RUEE 811 (global image ) 4 A RUEE
1% (object image ) FlI B 43 RE E 1% (part image ) o
3N ST Y CNNRFAE S SO B 1003 S RO [R5 Y
FEAE | SR J5 3 2ok A S5 35000 482 3 (probabilistic predic-
tion ) 73Sl P B A TR SRR AR A0 A o ik BEZE IR AT LA
VE R8> 32 10 A B2 PR ok AR i) Oy =X e ¢
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AT O
5.7 ETEFRMNTETE

Xiao Fll Luo (2021) A R AT Y (A 4324 75 2 g
Jo ek A N T 1 G o AR S 45 S0 2 PR e 4 DA A4
Ji 53 28 e S PR v SO e AR ) i T
T Faster R-CNN 1) % (A {446 77 1% DeepACC , #42
TN 53 S 0 Shy 25 A I 2 2 A HG e Ta] B 43 S
(margin branch) 51 AT I A1 B2 ] B 46t 2% (additive
angular margin loss ) , 7E8" RS (0] H 25 14 [] B 46 /N2
PEEES . W4T 73 32 (inference branch) ) 5[] f% 73
SCILEERAR G SHL, IR IR e b e 4% 1] B 43 S
AU A B A e A RE AR HEA T g AR W 7y S B B i —
JEOFRAAE , P4/ T RN R . AL
T T 2 N AR 2 (group inner-adjacency loss ) PR,
H ARSI H N R KR, I — DY R IR .
KM DeepACC BRI TCIE AT B e 4 (A S 5], BT LA AT 2
PG4I . Zhang 5 N (2021) $E 11 T —Fh A2 A5 Al
ZAT- 55 W 2 (interleaved and multi-task network ) J5 1%
T G A e YL LIRET BAE S5 o 5 1 I Bed
H T 3T HRNet(Sun %, 2019) 1915 B 58 5 4k 42
W22 4y W3R RRAE 5 7656 2 B BE 20 3R B i I R ATE
P IR s A g (o At i a2k SRS i s &
AR PRI U 53 531 P ok i) e 5, (A 21 1) i
P TIN5 25 A Bl PR 2 B (A B
Ho HRR RS A0 a0, S804
T35 T S A e (AR A0 OB RUE L RE ) T I
Al-Kharraz 55 A (2021 ) V) AEGH £oF £ p% 2 21 14 75 =0k
e Y R 2REE T o ST i O 2 A TSI
SRUF 0 2 B 28 ) 2 B R 58 I g B A4 03 2B AT 55
I AL 7 2T HE B v ) S 2 80 S X 5 R gk AT
e,
5.8 B4

g5 TR Y ARG AT S TE G (K H B A
RGOS 3 1 i) 2 Y KT . WF9E N 5L A
o B DT S TR T A2 1) Y R PEIGAF A 1 [
A BB LS R BEAE T SR 2600 G 4 fARR B LA
LR TG AP R R 2) T 9286 T
SR K55 IR R B () — S ) e (0 A 2 ) L B
fE2E AR

BE T B CNN 2544 1 32 07 vk g e (A 73 2
55 i 7L TR R R TR AW AR
JE 25 ) SRR RIE T A 1 R S e RE . (HEE T4t

CNN Z54 (1) J7 A0 45 52 500, WF 58 N 3l o 43 B
BRSO AL B 2 U SR TR XS
PO IR 4324 0k D) — P 3 3 2 A I 246 Bl = T T 248 SR Ay
FEPURAAE , 9K 5 I B £ 27 >0 15 340 1) e 0 0 1Y)
REAE S A, B 38 A 7 500 2 A% RN 00 2 05 1 58 I
Gy BT EUR AL B 4328 )5 iR N 222X T f A
O3 SRS RY TG A iR S PR AR R T g A IR SR
fiE A48 G (o AR N8 — G (0 A RO ok i v 2326
PERE . (HI2 AR ICA R R AE AT RETCTE K AN ) 2 531
e e R Z 18] 0 4 2 S, T DA 14 J 0 Jmy A A
Tl 1 5 VR 23 R HTAST 08 53 343 Sl S B G A 1) 4
JRIRFE AR FRAFALE | PR 000 e 6 AR 5.
WFFEN DR SR 53 2 v S 1 450 B4 58 I g
ARS8, 5L T 22 0 PR AR R TR 58 SR (A o)
SR LAl 1 [ S 2 e e AR P T RN L TR
i 3 4R R AT B 7 SR T o 2R RE , X 2875 1 AT LA
BRI A 2R Y 3 20T vk

JEE KK, FE T Transformer 4 K15 73 257 [H]
HACHE B A B RE ) T 28 32 G , Y R 1Y 5 X
KIRA A TP 5B, L2 T Transformer 195325 ¥
XA Y A0 1A S AU AT 7T Oy {H R R AR 155 Jo
it Qe R AR AR R IS T T I AT . S
[, 240 B 358 1 27 G0 T G (B AT 28 25 A0 R 1) 4%
R TR B R A SE B R T S S A SR A
PG A AR AR R AR 55 , i LR SRR AT L 5E 43 )
FHBRTER AR I8 2 %) b~ ) B3 a2 > 1 7 Aok sl b
Bl 7oK, B o R . Y AR 2T T T
BLRSEINFR S PR

6 FEERE

6.1 [

Yy R% H S8 mT LUE A G o AR T RO o U
R AR ARG R R E L R EsRF
RN IR ke P SN SR Y | S S N RS RPN iR N
AT 55 £ B A HE = R IR 8 2R i, #2F ok
Wit .
6.2 LBERELZM

Yan % A (2019)%5 H G T 548 150740 i 1
I35 (CML) AH OC 1 G o AR P-4 ) A 8 1(9522) ¢
SR A S 55 9 5 AN 22 5 YL AR AH 54, BT LA
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Tabel 5 A brief summary of the chromosome classification methods

SCHik i A A FEI® Bnse FEMRE
AN Yy S By
Sharma FACOT) ki o o CREIL IR ON T gy aco=sem
S
s . - o AR AR AN L ST AR ) )
Swati ¢ A (2017) e (RS 53 25 z; T2 o 2 43 3 EEEIT I Acc = 84.6%
Sharma 5 A(2018)  WEIRSIBIAY  REERUBRES hbabnsgy  Doimbab chromosome o040
classification
Zhang % A (2018h) PO RSB43 IE CNN HIEEITHLIA Ace = 92.5%
- N - N & PR 43 B 3 2 42 i ER 4> BE %5, BiolmLab chromosome 3 o
Swati % A.(2018) GRS Xception e S e classification Ace =92.36%
SIS 20 G o R S, P I R A
Ding 5§ A.(2019) Qe iR 532 B9 SRl FFAE , Faster R-CNN 52 BUAG HEES LI mAP = 85.55%
s
I Sk S UBERE , BE =
Qin % A(2019) Retwpisppsrs on DVIIRIEEE AR ppprrit ace=omon
Hu % A (2019) PR32 CNN Chromosome-Images ~ Acc =93.79%
. . o  CIR-Net #5780 BT i B 14 7 v, EI%
K Yu SWASS _ — %,
Lin % A (2022) PRl Jsf FLE I . Inception-ResNet 42 CIR-Net Acc = 95.98%
ResNet Al HC5 2% $2 R R H HIBE 7
Wang % A (2020) PRS2 K AR B R AE I RN SE I 2 O B HIEEITHLI Acc = 95.34%
A AR A T3 T SR W o 45
it F1 = filt 22 I 245 i | 1
Lin % A.(20200) pepispirs o X IR S RREREEN gt =987
S
Wang 45 N (2021a) Y R 5]4325 ResNet 454 SENet CIR-Net Acc =92.97%
) PSR K  Paster R-CNN. RERIRRIE T ESE o
Xiao Fl Luo(2021) e IR 4 P AT 2 B SR HLE mAP =91.88%
HRNet & B0 2 JUEEHFAE , 8 73 25 1
Zhang % A (2021) Pt RS 32E SRHE R RS BER R LD 2 G s BIEEF LI Ace =98.1%
RRFE
GEEIFHLI
. 5 o N " . Ace =94.97%/
Al-Kharraz 2 A\ (2021) PRl ERlES BiolmLab chromosome 97.01%
classification e
iis A= ==¥ o
Wei A (2022) Betafhszisse [ ARIPIRIERE IR ety aco=00.3%
25
. ; N F 1 0 s i 2831 = 0 9% 1% BiolmLab chromosome
4 e (A S G402k = 0
Lin %A (2022¢) RS ST HIEN, SMOTE #5288 51 A - £ classification Ace =97.35%
Menaka Fll Vaidyanathan PRSI B CNN BiolmLab -cbror.nosome Ace = 92.6%
(2022) classification
— =1 o H ?;/ *E‘E
Gajjar 55 A (2022) et fh S o326 =ICHLR LR ONN RIBUFE , 22 Chromosome-Images ~ Acc = 89.964%

HIBLII

25 LR, S BT AR Gl AR E S R R D RE
Li %8 N (2020) 230Uk UYL GRS 538 rP RO IR R 4L
ZE5 , DN HCER 1 28 T S G A G fA R S A

W B 2 AT 45 2 ) pR A CS-GANomaly (classification-
enhanced GANomaly ), %775 T cGAN 2244 1 5
i U ) 286 A S S 30 4, i G £ AR 432 I 240 5 1
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SRS LT 2 S8, 25 A AN T 45 5 R AT 58 A s
RS IAE S5 . Horp Y AR A2 [ T8
FR 24 2350 B T S5 2 o s T T S
WY itk 8 i 2 55U Rk AT LA S R
AT S5 55 AR R B 2 ) i Al A U2, Y
2] T AR Y AMRIE AR Y RHIE , 16 2% 15 3]
AN 1E R AR RIS 5 AR AR L = AR IE 2 8] A 43
A7, [l AR S B AR
6.3 LBERBEM

ST LA DI R AT G o A S i L E& P
T IRAGYEBRREE R 55 L, AR X 4 K A e A 2
P S W B 4, T LA A G TAR IR & ek A s e
I 28 G i e 0 AR 25 1 SR BOHE 4 o Uzolas 58 A
(2022) iz FH 4 gL R 45407 4 B HEAS X pix2pix
G BV 45 R AT IR 3% (el AR TR BB A4 IRUF P e
{18 R A A S L S G e AR EL AT 25 R 2 TR S5 1
Yue iR, 207 IE T S gL AR B I £ 1 AR
P IE I %% (non-linear filter ) 75 1) 4 {0, {4 1 2% 717 45 =X
A2l o3 FIFEAD B AR pix2pix A8 Y 5k, SR
Ja AT MG R R nT A5 2 S B S e e dhk . T
B S8 YL AR %A 5T 2 T Perlin M 5 Bl ML A
Y Perlin Z5H5 L5 5 10 2545 40 HIHe A | P38 2o 1F 5
FEARYINZRAT 0 2B A s vT LA B G iR

6.4 EZ5

Li LRTIR, HATHEFEN B 3 ZE T e (R 53
T BRI AR S A A 4 S T AT I s 114 ) A5
SR AR AR O, SR B LR G AR 2 (6]
% G (5 I 5 (v S e 7 A S i e A
XX — [l AL, BIF SN B — i gl ok 44 /NS 15 LY
Bl WACER 2 1) Bl Ol i 28 MR 732 5 55— 7 T
Ao A PO 9 248 AL A, 5 S R o 4% R 2
AR R 45, DT 75458 B o BB L M B = > (9 T
TEAR B IE RS 0 Qe R E R 0 AT AL . TN T
RN S H G CREEE BOAS  DF ST Bt i i
PGB R 0 J7 3, 7R B LS A o S e e (8
PRIER WSS C &5, Al LU S N TR 55000 G i
AR

G @R S0 R LE AL R 6 B0 e (o (R 1A
B A [ 25 T BEJCTE A 0N e AR Ak
1115 EL AT 75 1 ok U S I AR B AT
RN IN B Rt TR S o QU S WNIART R T S
K 40 Ak % 454 9% (banding level ) J& €5 14 fif 25 #4) 4§
ik, Ao P 22 o 24 45 FL A S 2% HE HLRE 7 A A 22 19
2% R B R TN G (PR 2 TR iR 2 1 5 R AL, 52
SRS . PR I kR EE AR 6
JoR

x6 REEREFEHELLS

Tabel 6 A brief summary of the chromosome anomaly methods

SCHk fif P2 Al Tk A S FEMERE
Yan A (2019)  FHKEL CNN SNEBEFFHLM Ace = 97.5%
3t N 3 S SRl I A AT WA ; "
L% A (2020) e ?;(]AN:B’J%?# R A YRSy 25 A M £ BiolmLab ‘C}.lron.lo oo = 94.07%
1T 55 2 > HEHR some classification

Uzolas 25 A (2022) Stk i

PRI AR 5 3 BT, I 25 pix2pix PR BHIEASAL ,
W REMILAE S A I B PE Ge (A

Eii (SR SO

FRBIPILI e 500,100

7 BIEE

o T AR R R T IR o ) 1 e (A Y
H 3l A S PR RECR RS . AT D7 122 B (0 14 K dfs
RZHKHGEES T, T BaRL BR 8 8 ek 2
TR, AEATS AT D ARl 22 0T 508 B sl 6 1
OIS FH A B Sl PR, LSS5 TR

1) Overlapping chromosome {5 4E (https: // www.

kaggle. com/datasets/jeanpat/overlapping-chromosomes ) -

e 6 Fran  Z AR AR IR T2 G U & G R K
N T R ORI R S5 . ZEHE AR DAPL(4', 6-
diamidino-2-phenylindole ) %% A, (1% 4 {2, {4 & {4 Fi1 Cy3
(cyanine3) i R B EMGAH 25 5 T8 UK B2 e (5
i SR JE P A, 2 13 434 IR K/ R 94 X 93 4%
RWESROERE, P REMRC N H R 1
SRR S X 2 5 Y AR S X
Yo A S X4 AN

2) ChromSeg F 45 4E (http : //www.bio8.cs.hku.hk/
bibm/) o ZEHRERLE T 345 MK/ K 256 x 25614


http://www.bio8.cs.hku.hk/bibm/
https:// www.kaggle.com/datasets/jeanpat/overlapping-chromosomes

$28% /%1115 /2023 511 A

Faij, B/ LREZESTREFIFTERER

0
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40

60

80

0 20 40 60 80 0 20 40 60 80
6  Overlapping chromosome %{#i4E

Fig. 6  Overlapping chromosome dataset
R X EE P ORER TR ORDFES .
Ho v A 45 230 W VIR AR P45 115 i 00 4 el 45

a7 Bz, T G T sl bn it 15 28 U B X3 A
“REEARHT S PIAN2E]

‘¥-.

7 ChromSeg (4%
Fig. 7 ChromSeg dataset

3) Clinical chromosome instance segmentation %
5 4 (https : //github. com/CloudDatal.ab/ Overlapping-
ChromosomelnstanceSegmentation) . % ¥ #i % J& &
B FIURG e (LR S0 o BB . VEF N 7R
AL PEBERE T 1655 M kR RIE, Bt
4766 MR IR, & ZFI ] LabelMe T HAR HE
FT S 53 FIbRE . BARAE L 8- 1 1 (W Ll w4l 43
UIZREE (1 324) BorubAE (165) A £ (166)

4) Chromosome cluster types identification %% &
£E (https://github. com/ChengchuangLin/Chromosome-
Clusterldentification) . ZEIEEE T~ AR 4 A4 PR A
BEWCSE T 6 5921 K/NA 224 x 22418 R i (4
RRERE, TR O AR 55 . aniEl 8 B m AR
P A S5 22 TR) i) S BE A T , N AR ARICH
S ORI A RGE— S AR,

[€l8 Chromosome cluster types identification {4

Fig. 8 Chromosome cluster types identification dataset

5) BiolmLab classification ¥ % % (http://bioim-
lab. dei. unipd. it/Chromosome% 20Data% 20Set% 204Class.
htm) o WAL 9 7, 5080 4R & Ml 19 4 it 35t 1% 27
M 19 IE 5 R AL o N T3 0153 5 474 1
L% Q WA YL R EMGOT AT 0 bRt . T A et
PR AIRR A ISCIN LI 04T 2 e AL TR AR S

19 BiolmLab classification 245 , 2 5 YL Ak

Fig. 9 BiolmLab classification dataset, chromosome 2

6) Chromosome-images % #fi % (https://github.
com/Xi-Hu/Chromosome-Images ) . % %04 4 J& T Y+
RS 2B A R 348 B A (active contour
model) B\ 91 A% U] v 73 145 21 4 184 i G fib A7 £
FY ARSI B Y R RS — K/ 100 x
22014 . Hh 95 mM205 Y Ak 181 4, X Yk
15245, Y Qe(a ik 30 2%, R A S de tufh 1 182 %%
1024 3 5 Qe ta iR i

& 10 Chromosome-images ARt 35 YLk

Fig. 10  Chromosome-images dataset, chromosome 3

7) CIR-Net % 4 4 (https://github. com/Cloud-
DataLab/CIR-Net) . 1Z &40 5 I\ AR 45 0 4l DR Ad B
WA T 32 4 53 M R 334 Lo I R AL IR O N T 43
B3 T2 990 MR G b B A% G A AR ST T 1EAR
et fR o RpImIME R, o 1—22 S R
130, X Je i St 98 i, Y et ik 3205, K118
CIR-Net 4 45 4 5 YL AR il

DL AT 74N T TR BCECHR 48 |, 43 AT AE s
AR 53 G 8 R A 43 28 TR e 8 R S 48] 43 2
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K11 CIR-Net 4,4 5 4ok
Fig. 11 CIR-Net dataset, chromosome 4

AT RLA B, G (AR SRS BRI AN, | LS4
S AR R o LU, BRAE v DO X HoAt
AL S5 BTl AR BUR IR 4 o 25 BRI, i)™
2 SCRFFIBIRN I SN 5L R UBESCHE I o B AR 4%
ABOART WA 55 Tt B, 220 Pl S B ol
IS TFRTERE, DLSZRF e R A% Y A S A 5k D
[ /iy J

8 i i

BT URBE 2 ) g R Y A sk o A T 1
Bl E 3K Bl SRR R ) 2 > B I FEF 2 2 44
GO R AL T 55 RIS TR #0430l
BT REETIRE SN AR A 3o
5, 43 0 1) e AR THEUE 55 L AR o I 55
AR AT S e OIR TN BT 55 Y iR 7 2RAT:
5 YR R TR S5 o A X B P R et
IRAT 55 FEHERF s B AT T PR RB AL A  (BATS F7AE — Lk
AR o AT LRI TAEES IR T Ak
RIETT I
8.1 HWR#EH

EEXT e AR 55, B A vk B2 Hiw
R 00 A 2o e, T S DR P [, 2 B 1 AR AL
P [ R 4 £ PORG 122 B 28y O 9 58 25 TUAR FE o
AKETRAEIRIRE 53 A M AT B T A JE 2% ] o s
PR B i L I R 5

B X e AR BT 55, B ik KECT Ly iy
T SCA3 ISR 0 S A5 43 B AY | (H AT A RE ik o 7
Aok 2 Ak YL o R T S Y Y Y CA AR TR 1 40 R ) R
o BARFEARE I H S Ak g A AR 53 ) (BT 5 2
PR B A SRS M B B

XYL B RTR 3 24T 55, O I KBS 4R
AN R bR A G B AR e i AT 0] 3, — R AR B S
L AR 5 H T30 53, 53— TR AR AR 1 N

T Y ORI B OCR EATR 4o (H A £ B2
¢, HETHESE TAE = 2 al Bk AT A 1R R AT 25 1]

B e AR T AR AT 55, O A T ik A T A
it 43 24 v 3 1A% 1 st R Y e AR I L A L Ak BT
55 o Fr gt i o3 24 v 0] AR B MR AT 559l A A ok 43
1555, T Bk Y AR BT R X 3 5 3 s UG R A7 7
M2 o3 HF o i CAT B Y AR 5 IO T 4E
BT 0 4% 38 2o Pl 15 B 126 ol iz s AR ks 25 il e £
I AH A U P R RE S W T 5 2% AL o3
BRIl A2 WAy 55 58 2211 RS2 g ik .

XY AR AT S5 548 TR TIRE 2SI W
G 5 I 28 1 3% 3 kR, et AR oy MR OC TR
TEAZ IS ATTAH SCAT 55 A 2] T fe 2 1Y T R Jig o
B 7 AN TR B CNN 7 938 2 2R 1 5 26 5
WS TIIT LA i e, 0 e B A X i e e €0 (AR 53 AT 55
A R AN I A — 300 43 B R [R] 28
Yo 0 RTE 25 25 S RABUAS [R) 2 531 e e (A AR (DU B v
()

BEXE G AR S0 AT AL 55, AR IR L & %
DRV (H H Hir 4t vy TAEA e 8 1 CNN ARSI S 7Y
Yoo (A S ol I A RO B X 25 HE 2 87 B ) DRy
ERAFTE SR, LA NGHE o #h 28 I 48 N T A5 i 0
ik, HFEFRTE TR OIS SHERE,
HXE DA A IS AR T v 5 1 B 4 | DRt i 75 22
FRL M — oY .

8.2 RFKERAM

ASCAE G5 AT R A Y AR A A BT A 55 A DG
TAERYIERN b, B F X 14 75 4R S22 A9 M S Pk i A
TP HARAATIWESE 7 1) o # F RNs Y A%
RGBT AR &, 45 % S A O & 88 7 1) o

1) H Hi 2 T IR EE 27 ) i e AR A% B A AR &
B TP ARG B R R RN B AR S S AN 55 L X
SR B 2 18 F AR RS AR & SRt i —2, (|
BT NG T G B AR A DS e R T A 2
DR G o IR S35 A3 BT S5AT 55 R T T8 1 T D A 1 )
e S, = 25T AR HU I, R BOX Se H BT
F AP I NG 12 . LGB A S 3%
PR AH O TAE R A A BB R B 28158 A 5
PSE

2) ARSI Ry B OCH AR ANS T 55 BT A
LRI . BANSWHT S5 5 2 D AX B b & IR
B S5 IR AT SRR 25 . oA e Al
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oy St P2 Gy B 02 2, DR I T 125 T7 Bt DA % € {51
1512853 (instance level) B 73 At AT, T 22 401k 28 e
AR SR , B 2547 24 5] (banding level ) 341, AT
FEENFT A HLIE A2 W R 0 7 245 5 U R
i P 22 I 2 5 HAT HEBRRE ) 1007 1k, o B e iR
AR Z [ A S A 5 2 (AN G s EIE R )

3) ARSI R, TR E 25 2] T ik e R i o
AIRRTE RS, (H S AR T F AR e
A R 2 52, BRI T B b T A . T BRAE ) 2
FHBYFRHUEL 7 98 PG KR A (U ImageNet 45) 5 4 (4
AL TE ] B T e o BB B e (A% B O3
A R N ARV 2 R R e A R TR b A
AR R U R N R B B R S o B, AT A
2% &R 2 W& 27 2 (semi-supervised learning) | 55
Wi Bt 2% 2] (weakly-supervised learning ) #1 [ Wi 2% >
(self-supervised learning) J7 ¥ , 75 K JobR 14 555 b5
VERHE 27 ) G O AR RS A, P8 A /N R 2 B
AR VE R (RO R A R A 55, b A i i
PREEAS o

4) N T ORI S22 1 % Ricals 1B = ) i e
TE G C R A% T 23 B AU ] DUR B 2R . A
TR AR RGBT I 45 R R A A5 R A B T
2 7 B0 A A B R AT LA R i — P IR R G R
B e I A 2, A SE R AT LAAE T 25 i
e AN G LS A8 S G (0 M Ty T A 45 T AR
(EAEARE B A, e R EHR & AR T B AR
B, B R BRI A AT RE S U™ R S,
BT EE R PRI R e S VR BT U R 3 B
588 IR Ty ikt R A i B A R A T 1) o

5) 3T RS PR B B e A 5 A AR R AR
OISR Z B o AR RS G CARAZ T 3 B
Sk, T LA REAN [ AR R B A TR, B0 G i e £
PR S 07 A 52 e (0 A R AR 285 5 o ] DLk %
AN TR 25 R dhs , 910 2 € 1 PR AR 2032 W i 5 A
Z56 ; HE AT LR R SC g6 i, 11 dn e AR [ {5 A
FE DN PP B A 25 5 5 ol A RSB AL A
A DL — 20 S e (0 AR TR S0 A A B, A 4
A PR K

9 & &

RSO TR 2~ i e R R A S Ak B

DT T T B A R 2RI o e @ AR S i
[HUE=I RN S Sl st QSN P R EN R RE Rl f sy
MmO BETE R (B AL SR F Sk 7 e T
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PRIt HA 5 K27 > e 0 FIVRICHE BIK Sl Ry s AR TR E 27 )
D7 W R S BT U AAZ R 1 Sl A B BT PR
REFIZALRE I HRA TR . ARG R T R
LERE ST AR iR N ¢ IR SR GRS /0 S S GRS T
H e R SR G (A S H TS 6 R G AR
B H BT 55 o BARRULIAGN T AT 55 fiff RAlE
20 BR T A ARRIT SR UL T R AR A X R PR
O B A BT 55 S 1 T BT AT i) K R 5 1
Bl R L 2 ) 7 W A PERE DR B, (ER 2800 (i
T S AH S A Bt P ) el SR IR TS AR IR
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(IS PR PSS €T SR P SN b S P o o
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Li L RTIR B TR L ) B e LR L S BT 5
LN A SR B 0 . (R IR
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