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Abstract

To address the challenges of right ventricular topological fragmentation and obscure myocardial
boundaries—which are primarily induced by pronounced structural morphological variations and
low tissue contrast in cardiac magnetic resonance images—this paper proposes a novel two-dimen-
sional cardiac segmentation method that synergistically integrates deep selective context enhance-
ment with a structure-aware loss function. Building upon the foundational architecture of the nnU-
Net, the proposed framework adopts a hierarchical optimization strategy within the encoder phase.
Specifically, a lightweight context enhancement module is embedded into the deeper layers, leverag-
ing multi-scale dilated convolutions and channel attention mechanisms to fortify deep semantic mod-
eling. Concurrently, the original high-resolution feature extraction modules are preserved in the shal-
lower layers, thereby achieving an optimal balance between global structural perception and the pre-
cise delineation of fine-grained boundaries. Regarding the loss function design, we introduce a class-
aware narrow-band boundary curvature loss predicated on the Laplacian operator to amplify the
model’s capacity for learning complex organ boundary structures. Furthermore, the overall loss ob-
jective employs a curriculum learning scheduling strategy governed by a Sigmoid function. This
strategy progressively intensifies the structural constraints on boundaries, effectively orchestrat-
ing a balance between fundamental regional segmentation learning and localized boundary optimi-
zation. Comprehensive experiments demonstrate that the proposed method achieves Dice Similarity
Coefficients of 0.9078, 0.9064, and 0.9485 for the right ventricle (RV), myocardium (MYO), and left
ventricle (LV), respectively, on the ACDC dataset, culminating in an average DSC of 0.9209. Compared
to the baseline model, our approach exhibits superior performance, particularly in segmenting the
boundary-sensitive RV and MYO regions.
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Figure 1. The overall framework of the proposed model integrating context enhancement and structure-aware loss for 2D
cardiac MRI segmentation
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Figure 2. DeepContextBlock2D Module
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Figure 3. Class-Aware Narrow-Band boundary curvature loss
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Table 1. Quantitative performance comparison of different methods on the ACDC dataset

% 1. NESETE ACDC BUiRE R gExTEL

iR (Model) RV MYO LV Mean (Dice)
U-Net 0.8850 0.8710 0.9400 0.8987
Attention U-Net 0.8905 0.8821 0.9432 0.9053
UNet++ 0.8923 0.8996 0.9482 0.9134
TransUNet 0.8945 0.8969 0.9458 09124
Swin-Unet 0.8972 0.8940 0.9498 0.9137
nnU-Net 0.9024 0.8924 0.9536 0.9161
VM-UNet 0.8985 0.8991 0.9502 0.9159
U-Mamba 0.9001 0.9012 0.9510 0.9174
Ours 0.9078 0.9064 0.9485 0.9209
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Figure 4. ACDC qualitative results figure
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Baseline + DCE + SABL (Ours) 0.9078 0.9064 0.9485 0.9209
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