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Adaptive context-aware and multi-granularity domain adversarial for mitosis

detection in breast cancer histopathology images

Liu Rong, Tang Qiling, Wang Yan, Chen Pengzhou, Shu Chang, Wang Shuai, Yue Jianchi
South—Central Minzu University , Wuhan 430074, China

Abstract: Objective Mitotic count is a key quantitative indicator for evaluating the grade and prognosis of invasive breast
cancer in histopathological assessment. The accuracy of its detection and statistics directly affects the clinical doctors’ judg-
ment on the proliferative activity and malignancy of the tumor, and is also related to the selection of treatment plans and the
prediction of therapeutic efficacy. In recent years, The deep learning-based mitotic target detection technology plays an
important role in clinical diagnosis. Existing object detection approaches can generally be categorized into anchor-based
and anchor-free methods. Anchor-based detectors generate candidate regions by predefining a large number of anchor boxes

with different scales and aspect ratios on feature maps, enabling relatively accurate localization. Nevertheless, the design
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of anchors introduces numerous redundant hyperparameters, resulting in high computational cost and memory consump-
tion, which consequently limits detection efficiency. In contrast, anchor-free detection methods predict object locations and
categories in a pixel-wise manner, leading to a simpler architecture and higher computational efficiency. but compared to
the two-stage detectors that use Rol Pooling or Rol Align to perform feature resampling and spatial alignment on candidate
regions, the single-stage detector lack effective region aggregation mechanisms. This limitation makes it difficult to extract
robust and discriminative features from complex backgrounds, thereby affecting the performance of target detection. “At the
same time, the acquisition process of breast pathological images often involves different brands of microscope scanners, dif-
ferentiated imaging parameter configurations, and tissue staining procedures, These factors lead to significant domain dis-
crepancies in pixel distributions, staining intensity, cellular boundary clarity, and background texture patterns across data-
sets. Consequently, detection models trained on data from a single laboratory often suffer performance degradation when
applied to data from other institutions, as the input feature distributions change and the learned decision boundaries may no
longer remain valid: Such domain shifts may introduce decision biases in the model and lead to incorrect predictions in
downstream tasks such as survival analysis and tumor grading, ultimately hindering the reliability and large-scale clinical
deployment of these models. In addition, in breast pathological image analysis, apart from the mitotic cells that need to be
accurately identified, there are also a large number of interference samples with morphological features highly similar to
mitotic cells. We define these samples as difficult negative samples. These samples mainly include cell nuclei in the inter-
phase, apoptotic cells that have shrunk or fragmented, cell fragments produced during tissue section preparation, and arti-
fact structures formed due to slice folds or uneven staining. Due to the substantial overlap between these samples and
mitotic cells in key morphological features such as nucleus-to-cytoplasm ratio, staining intensity, and local texture pat-
terns, even experienced pathologists often need to repeatedly examine them under high-magnification microscopy for confir-
mation. Such hard negative samples easily induce misclassification during model inference , hereby significantly increasing
the false positive rate and ultimately impairing the accuracy of mitotic cell counting. Method To alleviate the feature mis-
alignment problem of anchor-free detectors, inspired by the deformable attention module and deformable convolution net-
works (Deformable ConvNets) in Deformer DETR, an adaptive context alignment strategy is proposed, which dynamically
aggregates context information that matches the target structure, effectively improving the expression ability and discrimina-
tion ability of features. For the problem of model generalization performance decline caused by domain differences in patho-
logical image analysis, a multi-granularity cross-domain adaptive module is designed. This module starts from three granu-
larities: at the image level, it eliminates apparent interference caused by color style and texture distribution of the overall
image, as well as differences in staining depth and device parameters; at the foreground level, it aligns the local structure
of the cell region through center perception and suppresses background responses; At the category level, the information of
hard negative samples is fully utilized, and high-confidence pseudo labels are adopted as the supervisory signal. Through
two parallel branches, they are optimized separately : one branch is responsible for aligning the feature distributions of simi-
lar samples between the source domain and the target domain; the other branch focuses on enhancing the inter-class distin-
guishability between mitotic cells and hard negative samples. Through the synergy of multi-granularity feature alignment,
the impact of data distribution heterogeneity on model inference is effectively weakened , significantly improving the detec-
tion accuracy, stability, and generalization ability of the model in unknown domain breast pathological images for mitotic
cells. Results The proposed method demonstrates superior detection performance and generalization ability on mainstream
public datasets, fully verifying its effectiveness and superiority in the mitotic cell detection task. On the ICPR MITOSIS
2014 dataset, this method achieved the current optimal F-score metric, achieving a significant performance improvement of
5. 5% compared to existing best methods; on the MIDOG2021 dataset, this method further achieved the highest recall rate,
significantly reducing the risk of missed detection of key target cells in clinical pathological analysis. Conclusion The pro-
posed detection method addresses the inherent defects of single-stage detectors in feature processing, effectively improving
the accuracy of mitotic cell detection. At the same time, its excellent generalization performance breaks through the perfor-
mance barriers of traditional models between source domain data and target domain data, providing a more reliable and effi-
cient solution for the automated and precise detection of mitotic cells in breast pathological images.
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FCOSH %%
N N Mctr
>

V

»{Sigmoid

M,

EELIVEN IS

GP ks

v v

I3 28 Dy FERHI G5 D BRI A EEDpro

H b 151, l l l
O™ -<
J5tskor H bRt Jikor H bRik Pikor H brik

MGDA EL5 =A%, 2030 GG D, BT 5088 D, VLR PN &5 D, 5 BEA UG 253 0 DO i
FRZ G IH—A65 ReL.U 3 o0 F1—SBINAY 3x3 B BUZM AL
13 2oL R 1 T AR A ]

Figure 3 Multi-granularity cross-domain adaptive module structure diagram

1.2, 1 FEMgIEGE R e AR
BGRB8 D, BRI E RIS L, =-2ldogD,, (f) +1 - zlog(l -
Sk FE SRk 5 AR, I R 2 B . D X D, (F)1#(5)

BT 2% S B R LA T 2 Ry Ak, 75 2 A, 2, R IR R T B IEAR %S - 4 KGR T IR 4

PRFERIR [, 00 T s 5 AR A S 0y 1)z = 1 4B E T B AR, 2, = 0,
© h[E KR K AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

1.2.2 it i

R TR AR S IR A T 22 4 24N AR I 4
Ji, o ORI A v A R HLSE I H AR O iR
L RNTGIAT A SEGE N o 3% g I O A
FRAGRT 5 H AR X, 05 |5 0 500 45 X 3 28 Xl i
A7 )Ry ER RS 55 o

RN 5 A TE B S Rl S B VA ol N 828
iy B REE R R AR R0 BE B M, 5 2 R A
M, e R""U(HPURNATRENE, U=2). Xf
M, HE4T% 38 18 Sigmoid JE I E 1T e KAk, 15 5
T O By Hir s H b AR M M, S
Sigmoid IH—1k i H 0 B K] Sigm (Mm)ﬂ:ﬁilgﬁﬁ*ﬁ
e, e A LR B VR AFTERE S 5 s BEAR B h

DMENE M.,

M, = MaxPool(Sigm(M.,) ) #(6)

M., = Sigm(yM,,-Sigm(M.,) )#(7)
1, Sigm () F 7% Sigmoid BREL, MaxPool () & /K ¥ il
T2 B A R R AL A | - TR B TR TIL , 1 Had-
amard . T M, Sigm(MCls) FEFATE[0, 1] X
], M3 5 75 2 S BB I N ORI B I AR R -y
DAV 15 BB R, 220 52 39 E , y = 20,

B ROk M X B EAT ISR o B AL

Jo B R AR i A BN RSN AR D, L, 5 D, 2R
L, FA1/E D, Bidfi A GRL, F1 T D, B3R5 S48 2%
PR H

L, = —z[zlogDins(MC\'F’)(”) + (l - z]og(l - D;,,,(Mc\'Fl)(M)))J ®)

AP (Mo ) SR G IRL HREAE F F o
() HOHFAE .
1.2.3 538085

o WA AE 43 SURE AR (9 T4, FE AT 2253 AN
AR A4y SURE AR A AT 15 8 TR B
AT ANy o P 4T 7 L 2K 0 I sk T A 9
I AT 5 5200 . — 7 T 3 224 2 40 L I 43
7 RE A 2K 3T XA 73— 7 T 30— 2K
FIF 1 358 ] — 0, AT 2 0 49 B S 7 3
3,

ARSI AT X

P RIS — Sk

R

B X = EakE

B9 W AR 55 R PR ER T
© HLHH o O HLGR
TR stk 00 T e e

adaptation for categories
P4 0BG s 2 1A

Figure 4 Schematic diagram of domain

F T 2 SR 28 4 S 2 A S L AR
SR —F LT B SRR 2 1 A W e, R
FH A2 TR 25 A5 1R M, THR 4 SR e R 8
P TR R TS SORUI SR AR A T IO 7 2 25
HAEAS:

S ={(xy) MG > 0-P,, | #(9)
=, 0 R BB B 7, S50 o 0.3, X T4
G S IR (o, y ), K T S 5905 48 Sy A
it (one-hot) i) it s /R DR 15 € (0, 1)

feil Pt 28 ) 3l 0 oy 225k Ll I B R SCRA
JE AT [ B BT R A R RIS M e RV, 3%45
SrOENG TR AR B AR S 00 ME S
Softmax PR AON H AT IH—4k , 15 B 48 T8 ¢ Y HiT 528
SRR pli):

S e (M)
X rh ,M(”’““)%ﬁﬂjﬁ(x, y) M E S S, u=0,1
SN AT 2453 SN e S TUREAS
FH T 5G9 20 AT DX PR R4 2R pR S O

Ly =i S S i tog (P (1)
S| 5255

I o [ 2H 1) — B v

TE N5 AN 5] 28 531 1] X734 F) il Sy i — 2
X 5 5 SR R SRAE A B R AE S0 A, /D R 22 5o
S P[] — 25 A 45 3 BEA T IR — AR AR B 35

= 0,1#(10)

© h[E KR KL AR



X, EFER, T, BRESA, &4, T, RER
BiEN F TXHEE S ESNNIREREEGE LS REN

LCUL SV

(eat) — exp ( M ))
Piim exp ( M (x,y,,,,)) + exp( M‘(W'v") )

%, MU F M) 43 B R A W b X
o7 T U3 5 AR S0 A5 43
IR AL T B R AR ST,
T YRR 2R A AR RO 26 2 SN -
lmm:=—,;, S > b gl )13)
(x su=0

v)e

2 LT (x, y ) OSSR T8 Lt 30 28 531
w, W EARZE U = 1, 5 0.,

FEMIRFN FNEE D, 0 B RO AE B B i 5
R AR A58 2 2 [ 4 A -

L,=aL, + (1 -a)L,#(14)

A, o S T VA 25 T4 2 AN 1R R S 40, S L
] 0.3, MAAILEINGRA 225> 2450 7 UREAR 11
AT X3P i R B A1 85l [) 28 R A 1 R iE 40 A
X5
1.3 BIRKERE

B 225 SER AT 55 1 #E AR R R A T 2R

Loss=L, + L, +L,+AL,,+L, +L.,)#(15)

#(12)

detector dom:

A HE =30k FCOS Kl #8451 2%, 46 43 2 dit 2k |
] =45 2 R R 5 S5 — TR SO e % A dE
PRI o7 453 % T S ol 7 453 2 R0 28 1) Sl 3 [0 45
B, BB TV 45 38 R AL, 4 S
H0. 4,

2 SLWESH

2.1 XRMESEBSH

AW FRAENZR 5 B , % H PyTorch VE AT
JE 2 ) BEHERL LU Python AT & 15 & B F A5 U
% : CPU: Intel Xeon Gold 6240@2. 60 GHzx72,GPU
NVIDIA TITAN RTX 24Gx2; % {4 35 45 40 45 : 64 fif
Ubuntu 20. 04. 5 LTS #:/E £ 4t , CUDA 11. 3, Python
3.7,PyTorch 1. 13. 0. TEBIAUYIZREL & P, FATRH
SGD 1 Ak % #E AT S 8 Ak , I BV I 2% S 2
0. 0025, 3 & R HCH 0. 9, BUHE B8 3% & 4 0. 0001 .
2 2] B WE R 43 L L] (step decay ), FERI R
500 AL AR B D B TF 25 2] R TR LB R ) R A

IR0, 001, FESS 8 FIER 11 I ZRE M (epoch) 4T
2 2] BEEN, SR EE BN 124> epoch,
2.2 HIEE

ICPR MITOSIS 2014 454 (Isola 55, 2017) 1Y FE
AT 16 44 FU MR B POV A 2SO B IRIR , K
YR AL 75 1200 5K LR 2 20 5 F5 0BT (high power
field, HPF) 1% . X 28 HPF {4 HH Aperio Scanscope
XT 5 Hammatsu Nanozoomer 2. 0-HT P 23 fi 1 %
8 TORAG B O 40 1, 5K HPF S50 B2 R
1539x1376 [F115 . %N ZRFEA (LA 749 1 E Rl
(A7 22 4y 220 bR T 2884 AT S BL A IR X
TUREAS, L5 B 2 SR AR 40 1 o 07 5 R 4 7 A 1
(9FR%5) o A LS B (MITOS-ATYPIA-14 Dataset,
2014 Li 55, 2022) HoRLE R0 23 s B S B 1
4: 1R IR 3 2R S Bl

MIDOG2021 ¥4 4 (Wilm %5, 2022) £, 1% 200 5K
N2 TR 5 20 2 4 V) i K114 (whole slide image,
WS, X SE G 1 4 6 8 [F 85 1 3 i CR4E 5331
A~ Hamamatsu XR NanoZoomer 2.0, Hamamatsu
S360 ., Aperio ScanScope CS2 Fll Leica GT450, & 15 1
fili 45 R 4R 50 5K WSI, Herfr, 150 5K WSIA A b i
PRAE TR 4% 50 5K TC T REBR A 1 WSIOR A 565 U 3 454
¥ (Leica GT450) o TEAHR 2 R BIbREE N A8, 3t
W 1721 227 3415 27144 IRXETUREAS , H.
B8R bR 2 DL R/ Ny FAE I U B, th 7%
HH 4R AR AR A TF A SCIUfE I R4 T e 56
WETAE, IR SR 41 9 LU BRI 2 I R4 5
Unaflse:

A T ARG 1 2 FEA TN 45, B AT e B
FF-B1E ICPR MITOSIS 2014 %454 MIDOG2021 %%
Ptk EAGSSAREEY e g S AT 2253 3L ML A S P R/
FTEARAH VETC (9 1 FEAE R RS . X 2H U B IRIME , LA
B bR 00 20 M AR Dy R TRl T 150 BB K
R L A S B AL i B2 i, 00T 45 3 RS O 512%
512 G G B . SRR AR SR BE HILR A O 203K
YR, TR ) TE SRR AR LU RS 1 1,

2.3 FMNIERR

A 2253 FLA0 MRS I AT 55 O ME BE PP L T IR Al A
D3 (A7 22 53 %50, 0 SRS F3 I ) 440 i 1) B0
55 SEBRAT 2253 30 O AR R TEBEE R Y, UK 2%
R 25 AN B . MR 2243 244500 3 38 1 17
bR, #£ ICPR MITOSIS 2014 £ 4 o , WO ) 5

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

225y SR L B SRR IC A 2243 24t s R
BIAE 8um (2 3218 K ) M1l P, WA 22453 2405 0K
FCBHPE ; 78 MIDOG2021 £ 45 45 v, SR RG220 1) 52
B HH O 15 BT AR B0 i 22 1R Y TR FG B 570N
T 7. 5um (29 3248 3 ), W2 52 5 4 4 400 Ay L FH
e, FRATIE R F 20 B0 (F-score) 1F 2 328 19 1F- 41 48
b, K5 11 % (precision) Fll A 115 (recall) {4 4l B 7T
Wri&ts .
2.4 HRERSEIE
2.4.1 G Ty, LB BIE T 0 BB

FIRFE AR ()RR y 5AK ) HHy o xA 24
Gy SR BE A F2 I, AR SCHE MIDOG2021 54 4
FrE T ESHIEmMEE . KSERT ARy 044G
TARELPERE I A A I DL

0.90 A——W

0.85

0.80

0.75

0.70 ‘\./"\\-—/E\\/\/\_/\.

0.65

—e— F-score —s— Precision —— Recall

0.60

D D S DS D S DS S D S o
VP ﬁ’;’bwf‘f’blpig’bwg’f’aﬁ N 'J:"NQ?’Q?;’

O &

7 ¥ 2T P O B R ;

PP ST E S T Tt P
(v.6)

T 7 B R A B0 L B e R
K5 SR IE XA 2253 240600 PR RE Y 52
Figure 5 The influence of hyperparameters’ values on the per-

formance of mitosis detection
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Table 1 Comparison of ablation experiment
/results between AC and MGDA

Baseline ~ AC ~ MGDA  Precision Recall F-score
N 0.684  0.776  0.727
N N 0709  0.817  0.759
N N 0713 0.807 . 0.757
N N N 0720  0.887  0.795
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T3, W B0, AT R T PR IR L s 52 451
(R Py Jof ) 3 A 22 57

gl A
(a) H A%

(b) Bl (VINIG

((a)target image ; (b) before addition; (¢ )after addition)
7 U PG 10 R L T A R e 7 R
Figure7 Model response heatmaps before and after adding

image domain adaptation and foreground domain adaptation

N EL WL I MGDA rh 28 55 3 17 i)V H L FATT
5 Bl AE £k P B% 4 37 R t-SNE (t-distributed stochastic
neighbor embedding ) X} 1| k1 T H (1) 52 4 R A1 A5 %
20 AT WL AL AL B (Aubreville 45 ,2021) . 7EI&8(a) i,
AT LA BT PR I0R H bRisorh 2273 2E40 i (target mito-
sis . source mitosis) PA M ME 43 1 FE A (target Hard
Negatives ,source Hard Negatives ) [ G SFAE 23 A7tk
A AR IR b AN [ A 286 AR AR [] Jal o A ] o 6 )
MEAREIR S . BSIN2E B0E s , BEE DI Rt , an

K18 (b) Iz, [l — 3 A, AN [) b 28 22 1] A RS A 52 7
O3S 5 AR TR R 288 A4 A U 28 i SR £ 5 R, AS () sl
f [l — S AR AR i A ) R A . A5 SRR, 21
Sl 0 B A8 AT X2 SRR AR S A, 7 S 1 [ 2 )
— B R [R) IR, PRAEA [ 28 501 B4 AT X 34

(a) WA (b)  #hE

((a) Before addition; (b) After addition)
B8 SIS A G N F 5 R T Ak R

Figure 8 Feature visualization graphs before and afteadding

2.4.3  ZHARMNEELEHIE

R PTA JIT R 2 B I I 3 A 2 A
s iz AL Re 1, AR SCHE MIDOG2021 Fidli4E T
J& T ZHEMAE L AESL L, 25 R nE 2 iR . T
WIRE S H AR U 6 8 T R 2R, E5TA
MGDA J& , B RIYE T A SE s (B 46 PN H AR

FANES H Aril) ) F-Score ¥4 I E 5o LU
P58 A Hamamatsu S360 A915 &t R 151, FoAE N0 H bx
1, Aperio CS2 1, F-Score $& T+ T 3. 2% ; R 75 41
H #r38 Hamamatsu XR H?, F-Score M 0. 659 T} &
0. 681, MKIHEI R i EREM 25 . LIRS ST
FEH], MGDA REIEAT A5 il AS [R]85 430 o 1y 3 2=
e 2y Ry R BRI e 75 ol WENE walllL  NiTEN
TE T BT 7 0 AS R4 S AR A3 o
2.5 FTEbikEe

R IR T T 1 A LR B R AT 2253 5446 )
11 55 b i 2 BE , 7S SC 3k BCICPR MITOSIS 2014 5
MIDOG2021 /1~ FFBCHE A2 /e 52 56, 3 2o M iy 2%
(Precision) . & [F] & (Recall) ., F-score = T8 4r E &=
RSB ) 7 2K 52 A RE T , T 45 A PRI EDULE
NEREZE S .
2.5.1 ICPR MITOSIS 2014 ¥4z 4

F 3R T T U7 15 5 DeepMitosis (Li 55
2018) .SegMitos (Li % ,2019) ,CPCN (Han % ,2021)

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

®2 KRMEAFERAMGDA WEZHEBMNZXBIELER

Table 2 cross—validation results on multiple scanners without MGDA and with MGDA
IR R oA e A Sy

Hamamatsu XR 0.734 0.748

Hamamatsu XR Hamamatsu S360 Hamamatsu S360 0.683 0.711
Aperio CS2 0.712 0.732

Hamamatsu XR 0.659 0.681

Hamamatsu S360 Aperio CS2 Hamamatsu S360 0.714 0.752
Aperio CS2 0.632 0.664

Hamamatsu XR 0.721 0.735

Aperio CS2 Hamamatsu XR Hamamatsu S360 0.638 0.695
Aperio CS2 0.691 0.736

BIA+PMS (Rodriguez Fl Mikolajczyk , 2019) 1 SFHLA
(Han %£ , 2024) . SmallMitosis (Kausar %5 , 2021) &
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Table 3 Performance comparison of mitosis detection
/in the ICPR MITOSIS 2014 dataset

7k Precision Recall F-score
DeepMitosis(Li % ,2018) — — 0.572
SegMitos(Li %5 ,2019) 0.638 0.503 0.562
CPCN(Han %5 ,2021) 0.623 0.512 0.562
BIA+PMS(Rodriguez %5 ,2019) 0.581 0.691 0.631
SFHLA(Han %5 ,2024) 0.547 0.776 0.642
SmallMitosis(Kausar 25 ,2021) 0.512 0.479 0.495
(wang % ,2025) 0.684 0.667 0.675
Ours 0.627 0.785 0.697
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Table 4 Performance comparison of mitosis detection
/in the MIDOG2021 dataset

WIRES Precision Recall

score

EUMet(Jahanifar %¢,2024)  0.695 0.824 0.754
FMDet(Cao 55 ,2023) 0.744 0815 0.777
TribumHealthcare(Fick %5 ,2022) 0.782 0.735 0.758
StarGAN(Chung %, 2021) 0.812  0.705 0.755
BIA+PMS(Rodriguez %5,2019)  0.747  0.854 0.797

(Wang % ,2025) 0.710  0.865 0.780
PKF(Yu%,2025) 0.637 0.776 0.756
Ours 0.720  0.887 0.795
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Figurel0  detection examples on the ICPR MITOSIS 2014 and MIDOG datasets.
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