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Weakly Supervised Semantic Segmentation of Brain Tumor Combining
Causal Interventions and Hierarchical Feature Aggregation

LI Yuan, HAO Fanchang
(School of Computer Science and Technology ,Shandong Jianzhu University , Ji’ nan 250101, China)

Abstract: In recent years, fully supervised learning methods have been widely adopted for brain tumor semantic segmentation, yet pixel-lev-
el annotation remains time—consuming. To alleviate labeling burdens, weakly supervised semantic segmentation (WSSS) approaches based on
Class Activation Maps (CAM) have gained increasing attention. However, due to the blurred boundaries and complex morphology of brain tu-
mors, existing WSSS methods still suffer from limited localization accuracy. To address these challenges, this study proposes a Causal Inter-
vention and Hierarchical Feature Aggregation Network (CHFA-Net). First, the model extracts multi-level feature maps from the backbone
network , integrating shallow grayscale information and deep semantic features of brain tumor images. Subsequently, a causal graph is con-
structed to eliminate interference from confounding factors on prediction outcomes through causal intervention. Finally, a feature aggregation
module is designed to capture subtle boundary variations, thereby enhancing segmentation precision. Experimental results on the MSD Brain
and BraTS2021 datasets demonstrate that CHFA—Net achieves significantly superior segmentation accuracy compared to existing WSSS algo-
rithms.
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Fig. 2 Hierarchical feature extraction module
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Fig. 4 Causal intervention module
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Table 1 Result comparison of different methods on MSD Brain dataset
%1 MSD Brain #{iF&E F AR A EERILE

5 Dice/% ToU/% HD95/mm
ik Tlw Tlgd T2w flair Tlw Tlgd T2w flair Tlw Tlgd T2w flair
ScoreCAM 2543 30.28 38.85 45.47 14.57 17.84 24.11 29.42 71.35 59.89 44.76 38.85
LayerCAM 50.35 45.23 55.05 56.45 33.65 29.22 37.98 39.32 48.49 39.01 29.96 27.16
C’AM 45.67 57.74 59.42 58.76 29.59 33.10 42.27 41.60 38.72 49.24 23.86 25.36
CMER 50.89 54.38 63.83 60.82 34.13 37.34 46.88 43.70 44.57 30.07 2143 23.48
Ours 60.90 62.72 74.89 78.80 43.78 45.69 59.86 65.02 23.66 25.25 14.74 11.96
U-net 68.76 73.95 86.57 88.58 55.96 58.67 76.32 79.50 19.05 15.32 8.56 8.69
Table 2 Result comparison of different methods on BraTS 2021 dataset
F2 BraTS 2021 HiE&E L REHEERILE
N Dice/% ToU/% HD95/mm
s T1 Tlce T2 flair T1 Tlce T2 flair T1 Tlce T2 flair
ScoreCAM 27.15 42.08 46.73 53.15 15.71 26.65 30.49 36.19 64.78 51.08 42.32 33.25
LayerCAM 56.43 54.53 64.52 65.08 39.30 37.49 47.62 48.24 25.35 30.03 25.08 24.78
C?AM 51.27 59.85 58.76 68.53 34.47 42.70 41.60 52.13 29.66 35.67 20.52 21.23
CMER 61.33 65.79 60.82 67.65 44.23 49.02 43.70 51.11 22.23 28.07 18.55 17.48
Ours 58.58 68.77 84.58 75.63 41.42 52.40 73.28 60.81 2391 20.12 11.53 6.96
U-net 81.54 82.93 93.14 88.29 68.83 70.84 87.16 79.04 13.16 10.30 6.56 4.69
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Fig. 6 Visual comparison of segmentation results on the MSD Brain dataset
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Fig.7 Visual comparison of segmentation results on the BraTS 2021 dataset
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Table 3 The ablation experiment results of CHFA—-Net
#3 CHFA-NetiHBiLIREER

Dice/%
CAM  HFE CI FA
flair Tlgd Tlw T2w
N x x X 46.65 3832 3567  52.34
N x J x 60.37 5790  48.68  61.04
N N x y) 7248 6079 5623  70.27
J N N N 7880 6272 6090  74.89
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Fig. 8 Visualization comparison of different modules in ablation experiment
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