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Cardiac Image Segmentation by Combining Frequency Domain Prior and
Feature Enhancement
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Abstract A segmentation network of heart magnetic resonance image that combines prior knowledge in the frequency
domain and feature fusion enhancement is proposed to address the issues of unclear boundaries caused due to the small
grayscale differences among the heart substructures in heart magnetic resonance images and the varying shapes and sizes of
the right ventricular region, affecting segmentation accuracy. The proposed model is a D-shaped structured network
comprising a frequency domain prior guidance and feature fusion enhancer subnetworks. First, the original image is
transformed from the spatial domain to the frequency domain using Fourier transform, extracting high-frequency edge
features and combining the low-level features of the frequency domain prior-guided subnetwork with the corresponding
stages of the feature fusion enhancement subnetwork for improving the edge recognition ability. Second, a feature fusion
module with local and global attention mechanisms is introduced at the jump connection of the feature fusion enhancer
network to extract contextual information and obtain rich texture details. Finally, the Transformer module is introduced at
the bottom of the network to further extract long-distance semantic information, enhance the expression ability of the
model, and improve segmentation accuracy. Experimental results on the ACDC dataset reveal that compared to existing
methods, the proposed method achieves the best results in objective indicators and visual effects. Good cardiac
segmentation results can provide reference for subsequent image analysis and clinical diagnosis.
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Table 2 Comparison of segmentation effects of different prior

guided strategies

Strategy mDice mJC mASD mHD
Canny 86.70 0.78 3.54 25.43
Sobel 89.40 0. 82 0.48 2.42

Fourier 91. 36 0. 84 0.34 1. 62

IS B0 25 R T LU Y A BRI Y g A IR g
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Table 3 Comparison of segmentation effects of different feature

fusion enhancement strategies

Strategy mDice mJC mASD mHD
U-Net++ 89.43 0.81 0.44 2.33
RefineNet 90.19 0.83 0.54 3. 26

DNet 91. 36 0. 84 0.34 1. 62

NS85 25 3R] LA, FRAE Al 3 5 A ROR T 47
—
3.4.2 H@mEn

S AN SR B S S S 1 s R S
PELIEAT TIE R SC S o S T SR AR AR rp g A e o) A5 AR
PR R B 52 M, 365 TF 30 6 A B 9 A7 50 T S 565 4y
B2 BRI 51 5 M 4% B (PGN) FVREAE fil 75 3 5%
B (FFEB) R #F 17 B8 Mk B 50 iE .

HEATTH Fl S 56 B 0 Ak R A 2 R AR AR g R S S
HE A5 3] 34> B A9 #E5  DNet-PGN-FFEB ( £ & T
PGN fil FFEB) . DNet-PGN ( % & T PGN) 1 DNet-
FFEB( %R T FFEB).

Fi: 55 HE AT VERE He g, fft FH AR [R] i £l 4 A AN 4
B R bk SE TR B MERE . SR A5 R AR 4 TR,
mDice T fEFE bR K B , DNet i It T DNet-PGN-FFEB |
DNet-PGN #1 DNet-FFEB 43 % $2 F+ 1.57 & 43 A .
1.05 @ 43 55 f1 1. 31 A 43 s o BEAh , #F mJC .mASD
mHD 2§ 3485 I, DNet [5] #f 0 BU15 5 =5 19 B0l .
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Table 4 Results of ablation experiments

Method mDice mJC mASD mHD
DNet-PGN-FFEB 89.79 0.82 0.62 2.51
DNet-PGN 90. 31 0.82 0.48 2.54
DNet-FFEB 90. 05 0.83 0.55 2.20
DNet 91. 36 0. 84 0.34 1. 62

1037005-7



S 45 B — 2 E ] T DNet HPAE IR B S T R 45 F0 R
TIE B4 1 i AR B 0 A BT L A — R A B TR
PERE R FETE

T B IR A S 5 5 5 4 B I R TE SRR
TIE il B 184 i - X 4 18 X6 7 B B il 0 A 0 AT PF
A E SR RIE LR . SR AS R L S iR, H
i1, not concatenated F 7R AN 5 IR GRRE #E 47 FRAE PF 422
filt & , concatenated F 7/~ 5 Ik 9 FF 1E #F 17 R 1E P #2
filtA .

#5 SCRARIEPHE LR ES R

Table 5 Results of prior feature concatenation

Method mDice mJC mASD mHD
not concatenated 87.41 0.78 0.53 2.63
concatenated 91. 36 0. 84 0.34 1. 62
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Fig. 8 Feature heatmaps before and after fusion
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Table 7 Results of using different mask shapes
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Fig. 7 Feature heatmaps before and after fusion
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Table 6 Results of using local and global attention individually

and in combination

Shape mDice mJC mASD mHD
round 91. 36 0. 84 0. 34 1.62
square 90. 89 0.83 0.30 1.23
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Table 8 Results of different mask radii
Radius mDice mJC mASD mHD
20 90. 07 0.83 0.38 2.07
30 91. 36 0. 84 0. 34 1.62
40 90.47 0.83 0.34 1.39

Method mDice mJC mASD mHD
local attention 90. 16 0.83 0.43 2.17
global attention 88. 38 0. 80 1.10 5.49
both 91. 36 0. 84 0.34 1. 62
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