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Abstract: Pathological analysis is one of the common methods for cancer diagnosis. Although pathological examination
based on deep learning exhibits good performance, the processing method for tissue slices tends to ignore the spatial
correlation of pathological tissues. In order to obtain breast cancer classification results and malignant tumor location more
accurately, a Transformer framework embedded with adaptive feature fusion module and mean value conditional random
field is proposed, and the whole framework is trained end-to-end using back propagation algorithm. The adaptive feature
fusion module uses learnable parameters to combine the improved self-attention and multi receptive field convolution
module adaptively for obtaining multi-scale semantic features and enhancing the model feature extraction capability from
both global and local perspectives. The proposed mean value conditional random field is combined with the backbone
network to integrate the spatial correlation between tissue slices and obtain morphological information between pathological
tissues. Experimental results show that the proposed method yields 95.51% accuracy on slice images, and achieves 0.974 5
AUC and 0.810 2 FROC on whole-slice images, demonstrating its feasibility and higher diagnostic accuracy for pathological
image classification.
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Figure 3 Structure diagram of conditional random field

b RGBT x, R R

PERENLY BIIE , BENLIZ P 51 X T 45 € b2 ¥ Z [R] R
oAl AT sREERR

sz) exp(—E(y,x)) (5)

St E (v, ) 1 20 B SRR . R LA BEE 5 ¥ 7
55 Z (x) R — LR B ARIIE P (Y)X) )2 — A AL
R I3 o

P ABE 258 A 2 O, L3 A 1) SR B A T 0 B
R BRRCE () BT EEEH R AR

E(yx) =29 (xiiy) ;w (x5 v,,9,) (6)

Hrb g(x, 5 y)) I —JCRHE S RE pRAL, R4 i 15 2 4
SEIR ALK B, TR T 45 R B x, JRUBR 4%
(R, 0 TR FE S T 25005 1T x5 )
Xof A EE pRAR, TR AR AR B x, x, 2 (R A5 ] AH OG
P HIHRE AR

w(x,;y,)=w; I -adcos(x,x,) (7)
o, AR A e, i, 2 )25 ) S
YIGRAE ; 46 b5 BT 2 TE MRS hR 2 56 42
AHAEI ST 1, HAR S R 0.

TSR BURFAIE B 2 ] B2 i C R R b, O T
PRI B 1 B RT3 B0z B [ BRI A
S KRR He ., W 22 0 17 G e 1 8 (L, A A
R RERAVR R 50 (A SR B AL S Ol 22 o T2 R
P A X AL A Sy x,, x, 22 () 1 8 5 3, T
PR SBRFIES Z [R] AR LS , AT

(x,-x)(x, -x,)

[ - |l -

2 EWERSHH

2.1 LWSH

TR HR S AE Linux R4 F 52, % EALECE
N7 64 GB, i Jy RTX3080ti, [f] i} % T Cudnn
JINSH ) Pytorch HEHR 58 i i PR BB THAAL . FE AR FH FLyI

P(YIX) =

(8)

adcos (x,,x;)=1-




- 436 -

e
AR

] 22

415

R R 23 W% Patch A1 WST 2% 511955 B RIZ HE 4T
M7 SEE . AEYIZRad A, BatchSize BEE A 10, K H
SGD k%% , 2 2 4 0.001 LA & &1 0.9, Patch Al
WSTZ 5 Y epoch 4351 4 100 120,
2.2 HIEE

BreakHis , ZEAHAR J— 1> H1 AR FUEEZL A S
F14) S BT A AR A B A SRR 4, R I 43 3]
A AR BAERAE TR M FLAR A SRR AR o
ARIERIEE I R B2 E Shm i T R . 124K
AR T 7 909 KA [R] A A AT R (40 100,200 Fl
400%) IS, BT A EME 53 BEA 34 R 752 %582

Camelyon16, 2 B4 5 2y 28 FF 0 FH 0% L 1 9 e
R A B4 | Hepd 2 400 5k WSIL, Hih il i &4
270 5K, MR 130 5K . R AR A R R 1
WSTE Ry B, e e SR B 8] B s i 5 7%
AR AL TR RPN bR%E . e IRt B, I
Yk 4E WST H 2 5L 20 000 5K Patch F DL Il Z5 90 2% 45
R, PR S 000 5K Patch 41 S 50 GIE 42 Gl R ) 45 2
B0, 03X 4 A T 0 2 e e 9 B A% 5 LIS L 52 WST
B A
2.3 AR

N T B UE AR R X Patch 2% 1955 BB A AS T fig
1, R HHEWH 2 (Ace) G i % (Precision) | A [l %
(Recall) FlI4F 5 (Specificity ) X BRI JE AT PEA% . 7]

AR AR
TP + TN
Acc = (9)
TP + TN + FN + FP
TP
Precision = (10)
TP + FP
TP
Recall = (11)
FN + TP
TN
Specificity = 12
pecificity N < Fp (12)

Horr, TP TN FN FP 43 5l A8 F 46 I 45 58 v 21 P
i B LB AR PR

T ESE BB T WSTIE P RE , 0 0]
K HH il 8 °F i AL (AUC) il FROC (Free Response
Operating Characteristic ) P

18 2 L PH MR (TPR) FHE BH M 2R (FPR) /4 56 &
AL E AUC, HAR T

TP
TPR = (13)
TP + TN
FP
FRP = (14)
FP + TN
1
AUC = [ TPR (FPR"' (x))dx (15)
0

FROC FI T i A6 0 R 3 ) 1 RE P-4V , Bt g 14
FROC 73 B R 3 B AR

24 BERESWH

241 HEBELELE O T IIE IR UE$E A AFFM 5
MVCRF X803 iy 338 25 VB, % & 25 7] Transformer
HOIMA BN 5 3, 7 BreakHis £ 4 T E 47
N HENEREVEAY , a5 R nF 1 . R I1TLE
B2 89 AFFM Al MVCRF #X B A — E R E R
PEREHETF . FE HERG R )5 1 , AFAM Il MVCRF 78 5 i
RER A EERE E3EIN T K2 2% , 7RG i 2 A [0l R R
SEEEE bR AR T — AR I . AR [R] et
INA—AHEZE T 4 FPPEAG AR AR IR B A e . D6
$21H B9 AFAM Fl MVCRF 7E R#AF £ B B Fn 4325
Br e as 4 THE R RE , v] LA S50 57 o B RE
PUNESS .

F1 HMIEER(%)

Table 1 Ablation experimental results (%)

JLgk AFAM MVCRF #EffiR K5t AEER  fRRE
91.41 9124 88.87 98.52

N - 93.07 93.53 91.87 98.81
Transformer
v 93.84 92.67 9246  98.96

N N 9551 9543 9597  99.25

AFFM EHXS 2802 A 1 58 ) 22 8z B 4 A
A0 SCHYRFAE I HEAT 8 I Fl i, LA B0 3 F
ARRAEDR R o DA BRI F i B AR R 14 23901
xiok A 2282 B AU F R AR AR IR A [R] A
FAE 0t HE A, 7R AN [ ASCER T A 2 E A ]
Ae 1 B7AE AL AR IR 2 PR .

2 AFFM RS ERL A MK (%)
Table 2 AFFM feature weight fusion test (%)

B HERGR KR PENIE S RSB
1:1 92.18 91.26 89.58 98.66
1:2 70.82 73.44 59.14 95.04
1:3 57.56 40.47 34.12 91.77
1:4 49.74 30.56 18.45 89.20
2:1 60.77 55.95 48.61 93.36
3:1 55.89 45.13 34.99 91.81
4:1 36.41 34.68 15.88 88.51
SRS 95.51 95.43 95.97 99.25

R2PHE I a:p HERI L EAEE 2L
MR FEE . AT U, A TR 20 3007 O R



4

- 437 -

AR AL PR RE SR T HE 2, Wl B ELAE R 12 B R R
}70.82% , 1M ez f2H 22 1 INHHERA R HA 60.77%. 1t
(B4 12 1B AT DAAE— PR R bk 214 A0 B AR,
AT UVE GRS B W o S TR 25 B /N AR
AU/ AL 2 TR A, PR 0 S R 21T 4 BB B O 4
FERAEH ol Bl 0 e, i S N REAE LA
(1) 75 ¥ o FH T AL v B 7 AR A BOR R B A 1, TE T
R RS 3 MR AU B R 2 A8 hr B3 k8] T
.

242 SHEAMzEARTTEXE AT UE AT AR
AR M B 0B | %A AU FE BreakHis |- 9 55 56 25
IR 5 3T A L At B R A BRAR VL SR AT X L, L2
W3R,

®3 SHMTIEMXLLER

Table 3 Comparison with other methods

HERGR /%
ik
40x 100% 200x% 400x%
Kumar 218! 94.11 95.12 97.01 93.40
Gour 2191 87.40 87.20 91.10 86.20
Boumaraf420) 9449 9327 9129 89.56
Erfankhah %521 88.30 88.30 87.10 83.40

Ameh Joseph ZE(2) 9087  89.57  91.58  88.67
ES@iRS 9551 9524 95.02  93.83

ISR TE 4 A R AT B BE R v 4 591 56 E
BreakHis /\ 7 LGP , 78 2006 T A 3005 (R U1 25 R 6
EALBRAG OL T, B A 0 SE S0 40s 240k A % N
TR B dr PR RE . R 3 RTAL, T ik 1
REPL T K ZHCHABAAY , 7 40% , 100x F1 400% 3% 3 4>
TR AR 50T A5 TR 18 A it 25 8 Ao At BT A B33, 430l
4 95.51%.95.24% F1193.83%. {WALFE 200 i HE A
% J5 T Kumar T #5575 19 97.01%, {0 L AE R 5473
[BUpNE 2 R7
2.4.3 XFELERLE R T T4 VA T ARG I 7 A
(R ), K 3R A R FH AR TR I 2R S s (R A 100 55 H
i =% , £0.4% ResNet18 . DenseNet121 , Swin-tiny
Vit-tiny JE17 b3, IR F W ST % 519 21 145 1) 5 4
AL H5 bR FROC F1 AUC #E47% FiEA

FAGIH T 5 Tl o 28 570 () PEREXT L, D SE G 45
] PUF Y« 3£ F CNN il Transformer HE 22 (1) 51 A
FEAEBACEN S F4 0] B8, FROC A A S g DX A 30
Febr , 50 AP TR bR AUC Z2 8] I 504 i IF o i) ¢

FRo MBCT IUA I FEAERLRD | A SC A AE A6 fiE
71 FHUS T R B A4 T, 7E VAL HE R A5 AR AUC
1K F0.974 5, T 78 WA e 54 B8 DX ARSI 1 [R) A
Bis AL PERE , 78 FROC #5845 I 5515 0.810 2, fig
7 SR 56 0 P 2 A IX

=4 WLELIAER

Table 4 Comparative experimental results

ik FROC AUC

ResNet18 0.743 6 0.9254
DenseNet121 0.7563 09136
Swin 0.7717 0.9498
Vit 0.6798 0.9189
ARSI 0.8102 0.9745

T SR IVE LM s A AR 2 TR Y 25 S 2R
AR B B A% R RILAL B D7 i R 4R Hh Rk S LA
BEERT Y FEAT X LU, K 9o B PR v A 28 A2 e 2 A6 )
SR LAY HI 7 SRR 4 70, X L B A PR G RT L
B 2 7 H 2 ResNet 25 JE AR R X6f A e g 1) IX 3532
Wi 25 RAFAE— 5 R FE BYIRZ , R R R X
A by A b R e B DX 1 DL 4 22 TEAE AR B R
VLA ZUB S 1) X IO 5 D i R ) o RH A T R A
T ARSI WA H 018 30 P P R P A% DX B 45 g B 2
bR A XA B — Bk o A PR — R
P RS AE—LE2 Wy KA X 320, X il T
o BE 2 GEAE AR TE I TE1E LUK LA U A, Rk
P AR/ NIy RAE O RSO iR . R
Uy R HE =7 > B T L0 th e i R AR ST, A
I3 — 7 W R B H A SCREAE PR RE T 1 1) (0 B A 45
.

34 18

& H —Fh 5L F AFFM Al MVCRF [ 555 B K {2 12
WAk . 2R AFFM 3 A 2 28 HE 20 oh | 3 it
A 2 3] SRR L 2 Az BP S FURD A 1 30 Y Rl A
AR SR A AVRRIE (5 B EAE 71, 51 A MVCRF 5 #1
fiff R Patch /B M5 A T 802 A5 8 5% 20 B2
SUR A FRRAE A IR . B R SL g 25 LR, AR S iR
H 1 L R 02 W7 B 1 R A AT A T 7L B ARG
WER M, IR FH A g o 51 B R B AR 2 B2
T —ESHME.



- 438 -

N e

415

c:DenseNet121

a: [RIAEIE b:ResNet18

f: AR A0k

d:Vit e:Swin

4 BRI LR

Figure 4 Malignant tumor detection results
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