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Abstract

Crohn’s disease is a chronic inflammatory bowel disease, and accurately detecting inflammatory regions in MRE
images is essential for its diagnosis and severity assessment. Detecting inflammation in MRE images is challenging
due to variations in size, location, shape, and signal intensity, as well as similarities with structures such as stool,
fluid, and vessels, which lead to a high false positive rate. This study proposes a Mask R-CNN integrated with a
context-aware Focal Modulation Network and a Detection Refinement Classifier to classify inflammatory and
non-inflammatory regions. The proposed method enhances the detection of inflammatory regions by incorporating
spatial context and learning the distinctions between inflammatory and non-inflammatory areas, effectively reducing
false positives. Experimental results demonstrate that the proposed method achieves a higher mAP (52.8%) compared
to the Mask R-CNN (37.9%) and decreases false positive detection.
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Figure 4: Self Attention vs Focal Modulation.
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Figure 5: Architecture of Focal Modulation.
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Table 1: Slice-by-slice performance comparison between the baseline and proposed methods

mAP (¢ Precisi 9 Recall (¢
Methods (%) recision (%) ecall (%)
@10 @50 @10 @50 @10 @50
ResNet50(Baseline) 37.9 29.7 32.2 24.6 42.8 34.6
FocalNet 39.7 30.7 35.0 26.7 432 34.4
ResNet50+DRC 49.9 383 42.5 35.1 50.2 41.6
FocalNet+DRC 52.8 44.3 50.5 41.9 55.4 47.0
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