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Abstract: Early diagnosis of skin cancer is crucial for improving patient outcomes and alleviating the bur-
den on the healthcare system. However, the process of feature extraction in skin cancer image classifica-
tion often results in information loss and challenges in simultaneously identifying independent types of fea-
tures in the images. MTIFNet was proposed, which was a network that integrates three-dimensional spa-
tial attention with information fusion. Initially, the network employed a multi-scale spatial adaptive mod-
ule to extract both global and local contextual information from images during training. This module en-
hanced the connection between blurred pixels around lesions and the relationship in pixels at different
scales. Subsequently, a three-dimensional interaction feature optimization module was introduced to facili-

tate connections across different dimensions, enabling the exchange and integration of information. Final-
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ly, cross-entropy loss was used to measure the difference between the predicted probability distribution and
the true class distribution to optimize the accuracy of the model. The experimental results based on the
ISIC 2018 and ISIC 2017 datasets indicate that the network has improved accuracy, precision, recall, and
specificity to 94.32%, 91.61%, 93.00% , 98.39% and 98.57%, 98.20%, 98.47%, 99.13%, respec-
tively. Compared to currently popular classification networks such as ResNeSt, ConvNext, and Fcanet,
MTIFNet demonstrates superior capabilities in feature extraction and interaction, thereby assisting health-
care professionals in making more precise diagnostic and treatment decisions.
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Fig.5 Impact of transfer learning on experiments
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3.5.1 MSAM 3k 69 A 2ok 5 5

W Al 1y 2 RUJE 25 (6] A 3 R B i H AE
Densenet121, Fcanet50, ResNet101, ConvNext I
ResNeSt101 [ 4 w47 70 28 52 56, 96 Ik 1% B Bk
TE ATl 100 246 B0 T 043 PR AR A . AR 27T
PAF H, MASM 5 He 0 5 86 35 B 2% 14 43 2R AT
55 YA FRAE L X8 b 2% 199 48 88 P 122 A B i 5 1
Accuracy 18 #5 73 9 4 T+ T 1.14%, 0.40%,
0.35%,0.88%,1.29% . FLOPs, Time 7 fl /i

T MASM 255 354 8, 4 W 4 5t BT ok
ResNeSt101 3538 & 5 115 i [al 34 e b . 3
' ResNeSt101 oA fif A AR B 11 Jk v % B 5 e, 9
B i A B 5 Accuracy , Precision, Recall, Speci-
ficity I #& FJL-F & £ i85 T 93.85%,91.23%,
90.70%,98.27%.

R K B MIS AM R (14 437 8 XoF 7 Jik 5 A4 1Y)
I3 KRR B, 43 HiKE BT MTIFNet % 2%
1) 4/~ Stage J5 . R 3T WAL B B T 4%
L8 BRI . SCI A A Y IR T
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Tab.2 Comparison of effects of different models using MSAM
Method MSAM Acc Pre Rec Spe FLOPs/G  Time/s
85.57+0.47 76.35+0.93 72.154+0.56  96.42+0.47 239.55 0.560 7
Densenet121
N/ 86.71+0.41 76.93+0.58 72.10+0.57 97.02+0.43 265. 34 0.5754
90.714+0.35 83.47+0.63 86.79+0.93 97.3640.34 43.03 0.568 7
Fcanet50
N 91.11+0.61 86.86+0.62 86.90+2.11 97.7340.78 249.93 0.8216
90.30=%0. 65 84.08+0.90  84.5640.40 97.44=+0.49 81.84 0.7227
ResNetl101
N, 90.65+0. 62 85.63%0.61 84.64+0.93  97.9040. 46 94.79 0.5771
ConvN 92.07+0. 46 88.00=0.96 88.04+0.49 97.9740. 36 160. 67 0.583 4
“onvNext
N 92.95+0.50 90.3940.79 87.98+0.88 97.99+1.01 163.90 0.858 7
92.56+0. 35 89.02+0.96 86.33+1.92  98.0040.44 107.04 0.5755
ResNeSt101
N 93.85+0. 56 91.23+2.53 90.704+2.65 98.27+0.18 119. 98 0.609 0

%5 4> Stage i B Accuracy, Precision, Recall,

K . Stage2 1Y FRLYCH 7] 14 £ I [8] %) Fe Staged 45 il

Specificity 43 5] & J+ %= 93.85%, 91.23%, 10.201 2s, AT LA Y 24 MSAM & T4 — 4
90.70%, 98.27% . %% Satge fJ FLOPs # 22 &~ Stage J B W 24 1) 73 28 I 80OR B i
#3 MSAM I ERHE B LI
Tab.3 Ablation experiment of MSAM position
Method Acc Pre Rec Spe FLOPs/G Time/s
Stagel 92.66+0. 32 88.92+0.51 85.69+1.58 97.96+0. 24 120. 04 0.578 7
Stage2 93.85+0.56 91.23+2.53 90.70+2. 65 98.27+0.18 119.98 0.6090
Stage3 92.45+0.41 89.29-3. 30 85.77+1.37 97.87+0..15 119. 96 0.6719
Staged 92.70+0. 31 88.68+1.49 86.05+1.19 98.07+0.39 119. 94 0.810 2

3.5.2 TIFOM 43k 64 A 2tk 5 3

7 MTIFNet /1, TIFOM # e #5 1l 1 750 4 54
by Fl G R R g8 PG B AS TR 288 U 0 AR AIE |, 4 08 43 2%
PERE . F A, W LLE 76 I 2% rh oot 5 Trip-
let Attention 5 Simam Attention 73 28 %% 5 44 $2 I
7 0.44%,0.45% . AH It T Triplet Attention {ff
I 4 S B 5 4 5 22 HORE T AR A Simam Atten-
tion 4= B 3-D A EE 8 3 B A ph 22 oo iy R L AR

SCHE T Y = 4 A8 TORE AR AR A A B[] I 5 2 At AT
AL s, H FLOPs Jf K 1 35 34 i, XJ [ Triplet
Attention, Simam Attention fJ B YK | [7] 15 #% i} [i1]
BN S T e L e D s (4 B R
B 2% 3 % P A 3 A Ak i i eR BOR R B R
JC B HEE 245 JEE B Accuracy 8490 1 455 D 1 T
T 0.95% , B P B R 2o 1Y T R T PLE A
BT ERF

*4 TIFOM BB LR IE
Tab.4 Validation of TIFOM

Method
Base Triplet At-  SimAM Acc Pre Rec Spe FLOPs/G Time/s
tention Attention
N/ 92.564-0.35 89.0240.96  86.3341.92  98.0040.44  107.04 0.5755
N/ N 93.0040.51  89.1841.70  87.0340.96  98.1040.11  107.30 0.8079
N/ N 93.0140.55 89.354+1.18 87.154+1.75 97.974+0.39  107.04 0.8767
NG NG NG 93.5140.52  89.8841.33 89.574+2.67 98.20-40.21  107.30 0.8119
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Fig. 6 Confusion matrix before and after module improvements
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UEH DWCCM #H b 78 7 SAFRM #58 8 Je v 4ifi
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Bl I 4% Hh Jim A TIFOM £ B 5 [ s i il MSAM
5 TIFOM #i8 f) MTIF Net F 28 5¢ f % 4~ 914 fil
ST A A3 BT Bk 2 IR 2 X MTTF Net 9 25 508 1
o, WNESHTLLEH 47 T DWCCM
MSAM #& e ) Accuracy, Precision, Recall, Speci-

ficity Zr B4 T+ 7 0.91%,1.53%,1.0%,0. 32%,
76 HE Al 9 2% i MSAM B B | TIFOM £ He
J& , Accuracy , Precision, Recall, Specificity 43 5! #2
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Tab.5 Ablation experiments of the whole network

Method )

Acc Rec Spe FLOPs/G Time/s

Base SAFRM DWCCM TIFOM

N 92.56+0.35 89.0240.96 86.33+1.92 98.004+0.44  107.04 0.5755

N/ N/ 92.94-40.35 89.704+1.09 89.70+3.27 97.95+0..16 109.21 0.5265

N N N/ 93.854+0.56 91.234+2.53 90.70+2.65 98.274+0.18  119.98  0.6090

N N 93.5140.52 89.8841.33 89.57+2.67 98.204+0.21  107.30 0.8119

N/ N N/ N/ 94.3240.45 91.614+1.29 93.0040.60 98.39-+0.17  120.24  0.937 3

N T W R AR A R AR S T A
Tith 19X 2% R g 2 X 6% 11 R0 A e RT3 5 20 i T8 e
# (Class Activation Map, CAM) F1 5 1] J ] 1% #&
(Guided-Backpropagation) ) n] ¥ £k J5 ¥ DA I 4%
4 CAM Al Guided-Backpropagation B 5 20 . 2
HE W 2% 7 CAM F1 Guided-Backpropagation 4= i
4 PG, T BT b 5 T R TR g 4 2R A DG 1Y
RPERRIE X B, T R 4 M & S BUR R T
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Fig. 7 Visual comparison chart of the ablation experiment
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b, &5k 6 T . MTIFNet 43538 45 Ac-
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Tab.6 Classification results of different models on the
ISIC 2018 dataset

F7 ISIC2017HIEE FAEERPFRLER
Tab.7 Classification results of different models on the
ISIC 2017 dataset

Method Acc Pre Rec Spe
Le! 93. 00 88.00 86. 00 —
Liu™® 93. 14 47.70 81.84 92. 30

Datta'® 93.40 93.70 — —
Cai'® 93.81 88. 64 90. 14 98. 36

Yang'* 94. 10 82.43 84.43 97. 86
Ours 94. 32 91.61 93.00 98. 39

3.7 MTIFNet =2z L L18

ik MTTF Net 15 789 7F A 55040 £ 1 AL
R SCBE F ISTC 2017 B4 48 47 1 e PEA , [7)
e IO AF 1 B S AR SCR L LR B R . iR 7
FIHD AR S 8 7 ISIC 2017 #4484y 2%
SZ 8 # #Y Accuracy, Precision, Recall, Specificity
2y Wik BT 98.57%, 98.20%, 98.47%,
99.13%, 0 R HCR X e HAL R sk e, ML T
Khouloud &5 5] A1 P FlUBr (0 T FE 2% > X 4% 42
56 43 B B0 2 o TR MR 43 0 B B v RT RE 2y
B aak — S BN B o AR B R S 5 B Y X
B3 2 5 B 43 28 B8 R E X I 0 R E 2
B, T A SR A B R S TR TR X R R g A X
SRR o AR A R 5 O B B

ATCHR T — BRIk R 2 R
5 = Y58 H AR AL 2% (MTIFNet) o %7 2
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