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Medical Image Segmentation Method with Integrated Self-attention

ZHAO Fan, ZHANG Xuedian

(School of Optical -Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China)

Abstract: Aiming at the limitations of the UNet architecture in capturing local features and preserving edge
details in medical image segmentation, this paper presents an improved UNet algorithm integrating self-
attention mechanism. The proposed algorithm is based on traditional encoder-decoder structure,
incorporating a multi-scale convolution (MSC) block for multi-granularity feature extraction, and a
convolution mixer attention (CMA) block, which combines the modeling of local features by convolutional
layers with global contextual modeling by self-attention layers. In the segmentation task of BUSI and
DDTI datasets, compared with the existing classical network architecture, a large number of experimental
data verify the excellent segmentation ability of the model. Additionally, Statistical data analysis and
ablation studies further confirm the effectiveness of the MSC and CMA modules. This research provides an
innovative approach for high-precision medical image segmentation, holding significant theoretical and
practical implications for enhancing the accuracy and efficiency of medical diagnoses.
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Table 2 Comparison of segmentation results of different models on BUSI dataset %

Model Rec Spec Pre F, Acc ToU
Nested UNet 82.85+2.87 98.13+1.07 77.84+3.87" 76.30+3.38 96.03+2.07"  67.27+3.05
UNet 80.92+3.83 98.08+1.39 79.55+4.13 75.10+2.21 95.92+2.15 66.61+2.85
Att_UNet 81.90+3.79 98.07+1.38 78.10+£2.03 75.75+2.16 95.98+2.09 67.54+3.34
UNext 74.77+4.03 98.344+1.09"  78.03+3.07 70.22+3.31 95.57+2.14 61.12+3.07

MISSFormer  76.36+4.21 96.394+1.04 68.0643.95 68.954+2.23 94.25+2.62 58.39+3.22

UCTransNet — 71.45:+4.17 97.6241.47 72.6643.09 62.98+3.09 94.73+2.20 52.94+3.46

Swin_UNet 82.17+£3.14 97.63+£1.70 78.72+2.99 78.22+2.71"  96.01+1.97 68.42+2.31
MTUNet 82.54+2.91 97.59+1.73 75.96+2.71 76.77+3.07 95.73+2.91 67.33£3.98

MF SegNet 82.83+2.52 98.37+1.02 83.794+1.93 0.8164+-1.79 96.41+1.72 73.45+2.97
TE I 2 7R e AR 2r BIRICR " FR I Student’s ttest.
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R B N NTITE 5 3 3 N5 e G

AR 90 1 P A T, A AR AT AR 3R — A R [ 1 75 TR AR AR, 381 SR AS ] 90 4% 11 31 285 1L DA
R BB S N PRAGRT X B Y 205243 0 (Ground truth, GT)S5 5. 181 4 0] LA Y, 76 b B 571 5L M 4 20 21
BG4 0 26 BB 95 45 hy 1 0 Hb 2 30 2L AR &5 777 o T 76 3 BEBER (9 #E A op, i MISSFormer . UTC-
TransNet Fl MTUNet 76 i1 5t % K CHEM 1 A7 8., JF R 58 70 #1 Hh ZLIR 5715 19 58 BB IR, Nested UNet,
UTCTransNet 7 F- 28 BEA [ BLIR 4081 0 ML 22 R, AR SCBE A 78 3 86 R 43 BT 55 h R BRI 57, 3
Gy ENEE AL S BB (GT) e R 45T, T0 I8 Je 76 5 R PR 30 2 20 % 4019 OORS aff il 4 1, 8 o 77 3L A
38 5 CMA B b (1 1 3 0 L B g b R BT QB 00 45 0 i 2, 43 I 25 S v LT A M S T
Yo, 3 — 20 B UIE T AR BT A 2 {0 R 43 ) G X 38l Ty T 1 R R BE R AT R

N Bk — 25 B UE % 07 VB, AR SR T Student s t-test HEAT 20 M, B SPSS #4448 A A Y (52
WAl 5% 24k (M BAD TR 2R A IR (Reo) ABHAH 2 A S 5B, X T 5
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Fig.4 Comparison of segmentation results of various methods on BUSI dataset

(Spec) , X} B 40 A& &1 > UNext; % F #E 5 R (Ace) MUK i 3 &3 Student’s t-test 7£ BUST#{#E & £

(Pre) , Xt & 41 5% % 24 Nested UNet; Xf T F, {& fl 3¢ Jf Lk HFEIT ST R
(ToU) , %} I8 éﬂi‘%?ﬂiﬂ Swin_ UNet. ﬁ’ﬁp ﬁﬁﬂi’é 3P ’Pﬁ Table 3 Statistical analysis results of
$9/NTF 0,05, WGEH 24 A FEREW) T A Jy v 0 student’s -test on BUST dataset
2.4 FRBEERSHZH RS ‘T*‘Eﬁ'*’“ I
opec .

S 35 W1 ST 6 5 8 4 T 545 20 o o oss s
I UE 5 B L 5 HL At LR IR 43 1 8 9% 78 DD TT e 42 Ace 0.036 7
T HEATIZ AL IR B, LA T A I 4 40 S PERE . %2 4 81 5 5 - 0,023 2
28 7S [ AR AR HOR IR o3 3] b g oy B 25 51 IoU 0.028 9

RANABRAE DD TR s irdi . mk
4 WD, MF SegNet #-F- 1 4 (8] 5 fig g I ELAT A X B0 A e v 22 3o 15 WD A 28 58 408 o A 4 06 A0 20 1) HL B

R4 AEHEBEDDTI HIEE LW H B & R3ttE

Table 4 Comparison of segmention results of different models on DDTI dataset 0

Model Rec Spec Pre F, Acc IoU
Nested UNet  80.25+3.67 98.354+2.01 83.86+2.07 79.444+2.79 96.56+0.79" 69.16+2.91
UNet 84.17+1.68" 97.85+2.17 80.34+2.71  79.58+2.34 96.38£0.91 69.18£2.89
Att_UNet 82.97+2.59 97.93+2.61  82.2943.09  79.72+2.49 96.46£0. 55 69.764+3.01°
UNext 76.78+£3.79 97.8342.34  74.824+3.39  71.4843.39 95.54+£0.83 59.394-3.09

MISSFormer 73.8444.04 96.34+3.07 67.26+3.74 64.844-3.94 93.7540.84 51.00+2.96
UCTransNet 81.89+2.29 96.7142.74  70.224+3.59 70.4843.74 95.1440.67 58.1943.08
Swin_UNet 82.284+2.91 97.954+2.71  80.294+2.77 78.7843.04 96.4640.92 68.2142.92
MTUNet 79.76+3.09 97.904+3.53  79.484+2.81 76.52+3.51 95.9640.93 64.5642.86
MFSegNet 84.27+2.06 98.254+2.10  82.584+2.01 81.23+2.27 96.74+0.41 71.36+2.57
TE LR SR 4 BIRICR " KR ] Student’ s t-test,
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Fig.5 Comparison of segmentation results of various methods on DDTT dataset
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Table 6 Ablation experimental results %
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