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Abstract

Accurate segmentation of kidneys, kidney tumors, and renal cysts in abdominal CT images is essential for the diagnosis and surgical
planning of renal cell carcinoma. Existing CLIP-based universal medical image segmentation models use text-based conditional
information, however, they have limitations in capturing the visual characteristics of tumors and cysts with high morphological
diversity and imaging heterogeneity. In this study, we propose a visual-conditioned segmentation framework that integrates a Mask-
Guided Sub-pixel Feature Projection (MGSP) module, which extracts class-specific visual features from support image-mask pairs,
and a tumor size-aware support selection strategy. Experimental results on the KiTS23 dataset demonstrate that the proposed method
improves kidney tumor segmentation performance from 67.46% to 72.28% in DSC and cyst segmentation performance from 53.52%
to 55.13% in DSC, while reducing the standard deviation of tumor segmentation, indicating more stable performance. These findings
indicate that integrating visual condition information with text-based conditional information can effectively improve segmentation
performance for structures with high morphological variability.
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Figure 1. Challenges in kidney tumor segmentation: (a) Diverse tumor
locations, sizes, shapes, and heterogeneous appearances, (b) Similar
intensity distributions between kidney tumors and surrounding renal
parenchyma, and (c) Similar imaging characteristics between kidney
tumors and renal cysts. The yellow and red contours represent the kidney
tumor and cyst, respectively.
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Figure 2. Overview of the proposed visual-conditioned kidney structure segmentation framework (a) Overall architecture of the proposed
framework, which generates class-specific dynamic segmentation parameters by combining CLIP text embeddings with visual representations
extracted from support image-mask pairs, and (b) Generation process of class-specific visual representations using the proposed Mask-Guided
Sub-pixel Feature Projection (MGSP) module.
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Table 1. Quantitative comparison of segmentation performance for kidney, tumor, and cyst structures. Values are presented as mean + standard

deviation, and the best performance for each metric is shown in bold.
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Figure 3. Qualitative evaluation of kidney tumor and cyst segmentation results in abdominal CT images. The red, green, blue colors represent true
positive, false negative(under-segmentation), false positive(over-segmentation), respectively.
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Table 2. Quantitative comparison of kidney tumor segmentation performance across different tumor size groups.

Size Methods DSC (%) Precision (%) Recall (%) Bal. Acc.(%)
nnU-Net 61.71+27.18 70.58+32.34 61.04+29.73 80.52+14.86
Small CLIP-Driven-Universal 56.92+31.60 64863455 53.97+33.16 76.98+16.58
Model (baseline)
(tumor < 2.4cm)
Support image-mask pair (o 40,55 g4 69.25+28.65 65.12+28.19 82.56:14.09
condition + Size-aware
nnU-Net 78.0118.37 89.60:15.35 75.04+22.48 87.52+11.24
Medium ﬁiﬁﬁgﬁ?{gwe@ 66.51426.07 70.58428.50 67.4442708 83.71413.64
(2.4cm < tumor <4.3cm)
Support image-mask pair ) 34, 19 74.95+22 83 74.51421.42 87.25+10.71
condition + Size-aware
nnU-Net 78.24+24.22 77.03£24.22 86.03+11.42 92.98+5.69
Large 1(\:/11821:1]?113:;{11&?1%“31 67.6324.28 84.68+17.01 65.0427.29 82.51413.64
(4.3cm < tumor < 7.4cm)
Support image-mask pair 15 5¢ 43 75.25430.75 68.89+27.42 84.44+13.70
condition + Size-aware
nnU-Net 80.82424.07 85.87+25.42 85.36:19.88 92.60+9.91
Extremely large CLIP-Driven-Universal 79.45+20.52 82.46:+23.56 83.17£16.05 91.5148.04
Model (baseline)
(7.4cm < tumor)
Support image-mask pair g, ¢1.,19 91 82.46+24.49 84.81+14.42 92334721
condition + Size-aware
nnU-Net 75.20+21.96 82.09+24.21 76.60£23.26 88.27+11.61
CLIP-Driven-Universal
Overall Medel (baseline) 67.46+26.18 748942726 67.41+27.65 83.68+13.82
Support image-mask pair ) ¢ ) 45 75.68+25.77 73.51423.47 86.73+11.73

condition + Size-aware
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