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Abstract: Timely and precise classification and segmentation of indeterminate thyroid nodules in ultrasound imagery are
pivotal for improving diagnostic accuracy and guiding clinical management, which is critical for optimizing patient outcomes.
Traditional methods grapple with the challenge posed by the heterogeneous echogenicity, ill-defined borders, and variable
morphological features of such nodules. Our study seeks to revolutionize this domain by introducing a novel deep learning
model, the Dual Spatial Kernelized Constrained Fuzzy C-Means (Deep DuS-KFCM) clustering algorithm. This Hybrid Neuro-

Fuzzy system synergizes Neural Networks with Fuzzy Logic to offer a highly precise and efficient identification of nodular
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regions. Implementing a two-fold coarse-to-fine strategy for segmentation, this model initially employs the Spatial Kernelized
Fuzzy C-Means (SKFCM) algorithm enhanced with spatial texture profiles and subsequently harnesses the state-of-the-art
DeepLabv3+ with ResNet50 architecture to refine the segmentation output. Through extensive experiments across mainstream
thyroid imaging datasets, our Deep DuS-KFCM model demonstrated unprecedented accuracy rates of 87.95%, coupled with a
specificity of 96.33%, outperforming contemporary segmentation methods. The findings underscore the model's robustness
against imaging noise and its outstanding segmentation capabilities, particularly for delineating nodules with ambiguous
margins, thereby presenting a significant leap forward in medical image processing for thyroid cancer diagnosis.

Keywords: Indeterminate thyroid nodule; Ultrasound image segmentation; Fuzzy Clustering (FC); Hybrid neuro-fuzzy system
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A. System overview of Feature extraction. B. General view of the network architectures: DLv3+ with Resnet50.
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Fig. 1 Overall Architecture of the Deep DuS-KFCM Model: (A) Overview of the Feature Extraction System Based on
DuS-KFCM. This algorithm effectively discriminates and classifies nodule features by analyzing GLCM characteristics
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combined with fuzzy clustering, enabling accurate differentiation between potential nodules and surrounding glandular
tissues. (B) Schematic of the Network Architecture: This diagram details the DeepLabv3+ model with ResNet50 as the
backbone, illustrating its encoder-decoder structure for processing complex features in ultrasound images. The model
optimizes boundary prediction through multi-scale feature fusion and up-sampling mechanisms, significantly reducing mis-
segmentation and improving boundary accuracy. (C) Block Diagram of the Neural Network. This figure presents a modular
view of the neural network structure, illustrating a two-stage segmentation strategy: initial nodule recognition using DuS-
KFCM technology, followed by further refinement of segmentation accuracy via a deep learning model. It highlights the

critical synergistic roles of the encoder and decoder modules in achieving precise nodule segmentation.
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Fig. 2 Comparative Performance Analysis of Clustering Models on the Database of Indeterminate Thyroid Nodules.

The figure illustrates the reliability of the Deep DuS-KFCM model compared to traditional methods across multiple datasets
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of indeterminate thyroid nodules. Key performance metrics--accuracy, precision, and IoU--under different datasets are plotted

respectively, demonstrating the superiority of the proposed method in segmenting uncertain nodules.
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Fig. 3 Comparison of segmentation results in pseudo-color synthesized images of Indeterminate Thyroid Nodules. The

figure displays segmentation results for multi-center and private indeterminate thyroid nodule datasets, outlined in red and
green contours, respectively. By comparing the proposed Deep DuS-KFCM method with mainstream threshold segmentation
techniques, which highlights its superior clustering accuracy. Nodule boundaries are discriminatively marked: automatically

detected margins are marked in magenta, radiologist-annotated ground truths in green, and multi-source information-fused

regions are represented in white.
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