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Abstract: Indeterminate thyroid nodule detection has huge impact on survival, and ultrasonography is the golden standard
for detection and assessment of indeterminate thyroid nodules (ITNs). Pixel-wise image segmentation is resource exhaustive

in medical image analysis. In practice, it is difficult to find annotated medical images with corresponding segmentation masks.
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In this study, we propose a novel grid-search clustering-driven multi-gating local patch learning model (GS-M GF-LPLs). The
design of the model is based on redesigning the structure of double-threshold fast search strategy-based patch deep fully
convolutional network. Grid Search (GS) model typically focuses on dividing input space into several local spaces (implied
by stepwise value clusters). GS-MGF-LPLs uses two distinct local spaces called potential clusters and noise clusters,
respectively. Through partitioning output space into several local spaces, each cluster space is used as desired (target) local
output to construct local models. Key features of GS-M GF-LPLs can be enumerated as follows: (i) automated segmentation
of scanning parameters before input layer are built through each gating fusion model (GF). Connections (weights) are
specified as constant terms being in fact the prediction weight of different class of clusters; (ii) following weighting layer, it
uses multi-GS-LPL systems in combination, produces final results via multi-system voting; (iii) at output layer, outputs of
segmentation layer are decoded to produce corresponding patch prediction output. The weighted average is used, and weights
are adjusted to maintain intra-class variation and rich features. The model was trained and tested on Grid-Search coupled with
segmentation (GS-SEG) provided for ITNs study, with an accuracy of 99.5396%, a F-measure of 84.2636%, a precision of
86.0607%, and a dice coefficient of 84.2636%, which demonstrate the effectiveness of our proposed method. Through
evaluation on our benchmark, experiments on 4 types of ITNs demonstrate that GS-MGF-LPLs outperforms five well-known
methods. This achievement not only provides robust technical support for early and precise diagnosis of ITNs, but its
innovative feature-space decoupling approach and multi-system integrated architecture further offer methodological
references for the field of medical image analysis. Currently, the model has entered the multicenter clinical validation phase
and is expected to become a powerful tool for assisting physicians in diagnostic decision-making.

Keywords: Indeterminate thyroid nodule; Computer aided detection and diagnosis; Grid search; Gating information; Local

Patch learning; Local measure reliability
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Fig. 3 Network architecture schematic representation of the proposed MGF-LPLs network and Performance.
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Fig. 4 Segmentation Performance Comparison Across Thyroid Carcinoma Subtypes.
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