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Abstract 

Reliable Computed Tomography (CT) segmentation is a critical requirement for quantitative imaging and computer-

aided clinical workflows. Although Residual U-Net (Res-U-Net) architectures achieve strong overlap performance 

on curated datasets, threshold-based binarization of probability maps often produces scattered false positives, 

particularly in low-contrast regions and near complex anatomical boundaries. This study analyses the role of 

predictive uncertainty in improving the structural reliability of CT segmentation outputs. Monte-Carlo dropout is 

employed at inference time to estimate pixel-wise predictive variance, which is combined with mean probability and 

component size information within a connected-component framework. A component-level scoring rule is evaluated 

to suppress unstable, low-confidence regions while preserving coherent anatomical structures. Quantitative 

experiments demonstrate that uncertainty-aware filtering substantially reduces region-level false positives per scan 

and improves boundary stability, while maintaining competitive Dice and Intersection over Union (IoU) scores. An 

ablation study further shows that uncertainty penalization is the primary driver of false-positive reduction, and that 

combining uncertainty with mild size regularization yields the most balanced performance. The results support the 

use of uncertainty-guided refinement as a practical reliability layer for Res-U-Net–based CT segmentation systems. 

Keywords: Computed tomography, Lung segmentation, Residual U-Net, Uncertainty estimation, Monte-Carlo 
dropout, False positive removal, Connected components, Medical image segmentation. 
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1|Introduction 

Computed Tomography (CT) [1] plays a central role in modern clinical workflows because it supports rapid, 

high-resolution assessment of internal anatomy and disease patterns across a broad range of conditions. In 

thoracic imaging in particular, CT is routinely used for screening, diagnosis, treatment planning, and 

longitudinal monitoring, and large-scale evidence has established the clinical impact of low-dose CT screening 

on lung-cancer mortality [2]. Many downstream clinical and computational tasks depend on reliable 

delineation of anatomical regions (for example, the lung fields) and, in some scenarios, pathological findings 

(for example, consolidations, nodules, or other lesion-like patterns). For this reason, CT segmentation has 

become a fundamental building block in computer-aided diagnosis and quantitative radiology, where 

segmentation masks are used to compute volumetric biomarkers, constrain regions of interest for detection 

systems, and standardize measurements across time and across institutions [3]. Deep learning–based encoder–

decoder models have been widely studied for CT segmentation because they can learn hierarchical image 

representations and produce dense pixel-level probability maps [3]. U-Net variants in particular have become 

a strong baseline due to their use of skip connections, which combine high-level semantic information from 

deep layers with spatial details preserved in shallow layers [4]. Residual formulations strengthen this design by 

using residual blocks to improve gradient flow and stabilize training, especially when networks become deeper 

or when datasets contain heterogeneous acquisition settings [5]. In addition, widely used segmentation 

frameworks such as nnU-Net have reinforced the view that carefully designed (and often self-configuring) U-

Net pipelines can yield strong performance across many biomedical segmentation tasks and datasets [6]. 

Extensions such as 3D U-Net and recurrent Res-U-Net variants further illustrate the broader trend of 

adapting U-Net-style encoder–decoder models to volumetric contexts and more expressive feature 

refinement [7], [8]. In many reported benchmarks, these architectures achieve high overlap scores on curated 

test splits, indicating that the primary anatomical structures can be segmented with strong average accuracy 

[3], [6]. 

Despite this progress, a consistent practical limitation remains visible when segmentation systems are 

evaluated under realistic conditions: segmentation probability maps can contain scattered false positives that 

survive thresholding and appear as isolated blobs or small leakage regions. These errors are often concentrated 

near challenging anatomical boundaries, in low-contrast regions, or in areas affected by partial-volume 

artifacts and reconstruction variability [1]. They can also become more prominent when the test distribution 

differs from the training distribution, such as when scans are collected using different scanners, reconstruction 

kernels, slice thicknesses, or patient populations—conditions frequently encountered in real-world 

deployments and screening programs [2], [9]. In operational environments, these false positives are not a 

minor cosmetic issue. Even small spurious components can distort volume estimates, contaminate 

quantitative imaging features, and create false alarms in downstream pipelines that assume the segmentation 

mask is clean and anatomically consistent [3]. From a clinical perspective, such errors reduce trust and increase 

the need for manual correction, which directly weakens the utility of automated segmentation [9]. This 

problem is closely connected to how segmentation predictions are typically converted into final masks. In 

most pipelines, the network outputs a sigmoid probability map, and a threshold is applied to obtain a binary 

segmentation. This decision rule is attractive because it is simple, fast, and easy to implement, and its 

effectiveness is closely linked to overlap-based evaluation criteria such as Dice and Intersection over Union 



 Nafei | Inf. Sci. Technol. 2(3) (2025) 241-252 

 

243

 

  (IoU) [10], [11]. However, thresholding assumes that the probability map is sufficiently calibrated and that 

errors are primarily low-confidence pixels that can be removed by selecting an appropriate cutoff. In practice, 

CT images frequently include ambiguous pixels where the model’s evidence is weak; these pixels may still 

exceed the threshold due to local texture similarity, noise patterns, or domain shift effects, creating small 

connected components that do not correspond to true anatomy [1], [3]. Traditional post-processing 

approaches (for example, morphological filtering) are often used to mitigate such artifacts, yet these 

operations can be blunt and may remove true small structures when the same parameters are applied across 

heterogeneous scans [12]. 

 

A reliability-oriented perspective suggests that segmentation should be assessed not only by overlap metrics 

(such as Dice or IoU) [10], [11], but also by boundary stability and the structure of errors. Boundary-sensitive 

measures are commonly included for this purpose; for example, Hausdorff-type distances (including robust 

variants such as HD95) are often used to quantify the worst-case boundary discrepancy while limiting 

sensitivity to extreme outliers [13], [14]. In this context, predictive uncertainty becomes a meaningful 

diagnostic signal. When a segmentation model is uncertain about a region, the predicted probabilities tend to 

fluctuate under stochastic inference settings, reflecting unstable internal representations. Inference-time 

uncertainty estimation methods, including Monte-Carlo dropout, provide a practical way to quantify this 

instability without requiring changes to the training objective or data labeling process [15]. Subsequent 

analyses in computer vision and medical imaging have further discussed how uncertainty captures different 

error modes and can support risk-aware decision-making [16], [17]. Related lines of work have also examined 

uncertainty from ensembles and probabilistic segmentation formulations, reinforcing the broader idea that 

multiple plausible predictions can occur in ambiguous regions [18], [19]. From this viewpoint, false positive 

removal can be treated as a reliability-aware refinement step that leverages uncertainty information to improve 

the final mask. Many clinical segmentation tasks contain structural priors that are naturally compatible with 

this approach. For example, true anatomical regions tend to form large coherent components, while false 

positives frequently appear as small, fragmented blobs; these patterns are well aligned with the classic use of 

connected components and morphology in segmentation pipelines [12]. Similarly, true structures usually 

exhibit relatively stable predictions across stochastic inference passes, whereas spurious regions often show 

higher variance—an effect consistent with the theoretical interpretation of Monte-Carlo dropout as 

approximate Bayesian inference [15] and with uncertainty discussions in vision settings [16]. A connected-

component framework that combines mean probability, uncertainty statistics, and mild size regularization 

therefore offers an interpretable mechanism to suppress unreliable components while preserving the main 

segmentation region, complementing the strong representational capacity of U-Net-style encoders and 

decoders [4], [6]. 

The motivation of this study is driven by a practical need: improving the structural reliability of CT 

segmentation outputs in the presence of ambiguous evidence and domain variation, rather than focusing on 

architectural novelty. The workflow examined aligns with widely adopted training–testing pipelines in which 

a Res-U-Net-style backbone is trained using ground truth masks and then used to generate probability maps 

for unseen CT sequences [4–6]. The architecture context shown in Fig. 1 (Image credited to Khanna, Anita, 

et al. [20]) reflects this common workflow: training yields model weights, testing yields a probability map, and 

a refinement stage supports generation of a final segmented sequence. In this paper, that refinement stage is 

analyzed through uncertainty estimation and component-level filtering, with an emphasis on transparency, 

interpretability, and reproducibility, consistent with the broader literature on uncertainty estimation and 

probabilistic segmentation [15–19]. The objective of this study is to systematically examine how predictive 

uncertainty can support false positive removal in Res-U-Net-based CT segmentation. This objective includes: 

1) describing an inference-time uncertainty computation mechanism suitable for segmentation probability 

maps [15–17], 2) defining component-level reliability statistics that summarize mean confidence and 

uncertainty within each predicted region, and 3) evaluating how uncertainty-guided suppression affects both 

standard overlap metrics and reliability-sensitive measures such as region-level false positive counts and 
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  boundary distances [10, 11], [13], [14]. The analysis is framed to be compatible with slice-wise inference over 

CT sequences, which remains common in practice due to computational constraints, while also being 

extensible to 3D processing in volumetric settings [7]. 

The contributions of this work can be summarized in three points. First, the study presents a reliability-

oriented analysis of Res-U-Net-based CT segmentation, emphasizing the gap between high overlap scores 

and the presence of scattered false positives that persist after thresholding [4], [3], [6]. Second, the study 

evaluates an uncertainty-aware component scoring framework that uses Monte-Carlo dropout variance as a 

quantitative indicator of prediction instability and combines it with mean probability and component size to 

guide suppression decisions [12], [15], [16]. Third, the study reports a reproducible evaluation protocol that 

complements Dice/IoU with boundary-sensitive metrics (including Hausdorff-type measures) and region-

level false positive measures, which together provide a more complete view of segmentation reliability [10, 

11], [13], [14]. Overall, the study positions uncertainty-guided refinement as a practical reliability layer that 

can be appended to widely used Res-U-Net segmentation workflows, and that is better aligned with the 

variability encountered in clinical CT imaging [1], [9]. 

2|Architecture Overview 

Fig. 1 illustrates a representative two-phase segmentation workflow that is widely adopted in encoder–

decoder–based CT segmentation systems [20]. The figure is included for architectural context and does not 

originate from our own implementation; rather, it provides a conceptual overview of the training and testing 

pipeline analyzed in this study. The workflow consists of a supervised training phase and an inference phase, 

where probability maps are generated and subsequently refined. In the training phase, CT image slices (or 

slices extracted from volumetric scans) are paired with pixel-level ground truth annotations. These data are 

processed using a Res-U-Net architecture that follows the encoder–decoder paradigm. The encoder path 

progressively extracts hierarchical features through stacked convolutional and residual blocks, reducing spatial 

resolution while increasing channel dimensionality. Residual connections facilitate gradient propagation and 

stabilize optimization, particularly in deeper networks. The decoder path mirrors this structure through 

upsampling and skip connections that reintegrate spatially detailed features from earlier layers. A final 

convolution layer followed by a sigmoid activation produces a dense probability map representing the 

likelihood that each pixel belongs to the target class. 

Fig. 1. Overview of the proposed Res-U-Net-based CNN architecture [20]. 
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  During inference, the trained model weights are applied to unseen test slices to generate segmentation 

probability maps. In practical settings, direct thresholding of these probability maps often yields scattered 

false positives, especially in low-contrast regions or near complex anatomical boundaries. For this reason, the 

workflow depicted in Fig. 1 separates the “segmentation probability map” from the “final segmented 

sequence,” indicating an intermediate refinement stage. In this study, that refinement is guided by predictive 

uncertainty estimation and component-level analysis. While Fig. 1 presents the global segmentation workflow, 

the internal feature extraction structure used in our experiments is illustrated in Fig. 2. This figure provides a 

layer-wise view of the convolutional backbone employed for representation learning. The network begins 

with an initial 3×3 convolution producing 64 feature channels, followed by multiple convolutional blocks 

maintaining 64 channels. As the network depth increases, feature dimensionality is expanded in stages (e.g., 

128 channels, then 256 channels), while spatial resolution is reduced using downsampling operations indicated 

in the diagram (e.g., stride-based reduction or pooling). Each block consists of 3×3 convolutions, and grouped 

brackets in the figure denote repeated structures at the same resolution level. 

The architecture in Fig. 2 can be interpreted as a progressive feature abstraction pipeline. Early layers (64 

channels) capture fine-grained edge and texture information. Intermediate layers (128 channels) encode mid-

level structural patterns and contextual relationships. Deeper layers (256 channels) learn high-level semantic 

representations with increased receptive fields, enabling discrimination between target anatomy and 

surrounding tissues. The final output of the backbone is a high-dimensional feature vector (as shown on the 

right side of Fig. 2), which is subsequently projected into a segmentation probability map via convolution and 

sigmoid activation in the complete segmentation pipeline. This hierarchical design is particularly suitable for 

CT segmentation because anatomical structures exhibit both local boundary cues and global spatial 

organization. The increasing channel capacity across stages allows the network to encode richer semantic 

information, while skip connections (in the complete Res-U-Net structure corresponding to Fig. 1) preserve 

spatial localization. Importantly, the probability map generated from these features retains information about 

prediction confidence at each pixel, which is essential for uncertainty estimation. In the testing phase analyzed 

in this study, predictive uncertainty is estimated by performing multiple stochastic forward passes with 

dropout enabled. The resulting set of probability maps is aggregated to compute both a predictive mean map 

and a variance-based uncertainty map. These maps are then used in a connected-component analysis 

framework to suppress unstable and low-confidence regions. The final segmented sequence, therefore, 

reflects not only the learned representation capacity of the backbone (Fig. 2) but also the reliability-aware 

refinement stage described conceptually in Fig. 1.  

Fig. 2. Convolutional feature extraction backbone used in this study. 

 

As an example from prior work, a study by Alom et al. [8] reported a qualitative assessment of R2U-Net on 

a lung segmentation dataset. As shown in Fig. 3, the first column presents the input CT slices, the second 

column shows the corresponding ground-truth lung masks, and the third column displays the predicted 
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  segmentation outputs generated by R2U-Net. The visual comparison indicates that R2U-Net can recover the 

overall lung shape with good agreement to the reference masks, while residual boundary discrepancies may 

still appear near challenging regions such as the mediastinum and costophrenic angles. 

 

 

 

 

 

 

 

Fig. 3. Qualitative assessment of R2U-Net performance on the Lung segmentation dataset [8]. 

 

3|Method 

Let x ∈ ℝH×Wdenote a CT slice (or a slice from a 3D volume), and let y ∈ {0,1}H×Wbe the corresponding 

binary segmentation mask for the target structure (e.g., lung region or lesion). The segmentation model 

fθoutputs a probability map 

where pu is the predicted probability at pixel u. The conventional binary segmentation prediction is obtained 

via thresholding: 

with threshold τ ∈ (0,1). This basic rule tends to produce small spurious components when p contains 

uncertain low-confidence blobs. Our goal is to remove such false positives using predictive uncertainty. We 

use a Res-U-Net consistent with the diagram in Fig. 1. The encoder contains S stages of residual blocks; each 

stage downsamples the feature map and increases channel capacity. The decoder mirrors the encoder with 

up-sampling blocks and skip connections. Each residual block can be expressed as 

p = fθ(x), p ∈ [0,1]H×W, (1) 

ŷu = 𝕀[ pu ≥ τ ], (2) 

hℓ+1 = hℓ + ϕ(Wℓ ∗ hℓ), (3) 
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  where ∗ denotes convolution and ϕ(⋅) is a composition of normalization and nonlinearity (e.g., BatchNorm 

+ ReLU). The final layer applies a 1 × 1 convolution and a sigmoid activation to produce the probability 

map. We combine Binary Cross-Entropy (BCE) with Dice loss to balance pixel-wise accuracy and overlap: 

The BCE term is 

and the soft Dice loss is 

Here ϵ is a small constant (e.g., 10−7) for numerical stability. 

To estimate uncertainty at inference, we enable dropout during testing and perform T stochastic forward 

passes. Let p(t) = fθ
(t)(x) denote the predicted probability map at pass t. The predictive mean is 

We define uncertainty as the pixel-wise predictive variance: 

This variance increases when predictions fluctuate across stochastic passes, which frequently occurs for 

ambiguous regions and out-of-distribution patterns. 

Because σu
2 ∈ [0,0.25] for Bernoulli probabilities, we use a normalized uncertainty score 

We then create a preliminary binary mask from the mean probability p̄ using threshold τ: 

This study performs connected component labeling on ỹ, obtaining components {𝒞k}k=1
K . For each 

component 𝒞k, we compute component-level statistics: 

where ∣ 𝒞𝑘 ∣ is the component area in pixels. We then define an uncertainty-guided component score: 

where α ≥ 0 controls uncertainty penalization and β ≥ 0 penalizes very small components (which are 

frequently false positives). The 
1

√ak+1
 term is intentionally mild; it discourages tiny isolated blobs without over-

penalizing small true structures. 

We suppress a component if its score is too low: 

ℒ = λBCE ℒBCE(p, y) + λDice ℒDice(p, y). (4) 

ℒBCE = −
1

HW
∑[yulog (pu + ϵ) + (1 − yu)log (1 − pu + ϵ)]

u

, (5) 

ℒDice = 1 −
2 ∑ puu yu + ϵ

∑ puu + ∑ yuu + ϵ
. (6) 

p̄u =
1

T
∑ pu

(t)

T

t=1

. (7) 

σu
2 =

1

T
∑ (pu

(t)
−p̄u)

2
T

t=1

. (8) 

uu =
σu

2

0.25
∈ [0,1]. (9) 

ỹu = 𝕀[ p̄u ≥ τ ]. (10) 

μk =
1

∣ 𝒞k ∣
∑ p̄u

u∈𝒞k

, ηk =
1

∣ 𝒞k ∣
∑ uu

u∈𝒞k

, ak =∣ 𝒞k ∣, (11) 

sk = μk − α ηk − β 
1

√ak + 1
, (12) 
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with threshold γ. The final binary output is 

This rule is interpretable: a component survives if it has sufficiently high mean probability, sufficiently low 

uncertainty, and is not extremely tiny. The same mechanism extends naturally to 3D connected components 

by defining 𝒞k over voxels instead of pixels. Algorithm 1 summarizes the full inference procedure. 

 

 

 

Algorithm 1. Uncertainty-Guided False Positive Removal (UG-FPR). 

4|Evaluation Metrics and Experimental Protocol 

We evaluate overlap, boundary quality, and false positive behavior. For a predicted mask y ̂and ground truth 

y, define true positives TP, false positives FP, and false negatives FN. 

Dice similarity coefficient: 

IoU: 

We also report a region-based false positive count FP#, defined as the number of connected components in ŷ 

that have zero overlap with y. For boundary quality, we use the 95th percentile Hausdorff distance (HD95), 

computed from boundary point sets; this metric is standard for reflecting outlier boundary errors while being 

robust to a small number of extreme points. 

4.1|Data and Preprocessing  

We consider CT slices resampled to a consistent in-plane resolution and normalized by windowing to a fixed 

HU range suitable for the target structure, followed by min-max scaling to [0, 1]. Each scan is split into 

training/validation/testing partitions at the patient level to avoid leakage. Data augmentation includes random 

rotation, scaling, and mild intensity jitter. This paper is compatible with multiple CT segmentation targets, 

including lung fields, liver, and lesions. In the examples below, we assume a binary segmentation target and 

use slice-wise inference over a scan sequence, consistent with Fig. 1. 

𝒞k is removed if sk < γ, (13) 

ŷ = ⋃ 𝒞k

k:sk≥γ

. (14) 

Input: CT slice x, trained model fθ, threshold τ, MC passes T, parameters α, β, γ. 

Output: Final segmentation ŷ. 

1. Enable dropout in fθ; compute p(t) = fθ
(t)

(x)for t = 1, … , T. 

2. Compute p̄ =
1

T
෌ p(t)

t
and u = σ2/0.25. 

3. Threshold mean map: ỹ = 𝕀[p̄ ≥ τ]. 
4. Extract connected components {𝒞k} from ỹ. 

5. For each 𝒞k, compute μk, ηk, ak, then score sk = μk − αηk − β/√ak + 1. 

6. Remove components with sk < γ. 

7. Return the union of the remaining components as ŷ. 

Dice =
2TP

2TP + FP + FN
. (15) 

IoU =
TP

TP + FP + FN
. (16) 
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  4.2|Training Settings  

The Res-U-Net is trained using Adam with a fixed learning rate schedule, batch size chosen to fit GPU 

memory, and early stopping based on validation Dice. Dropout layers (e.g., dropout rate 0.2) are placed in the 

decoder blocks or near bottleneck features to enable Monte-Carlo dropout [21] during inference. We use T =

20 Monte-Carlo passes. Threshold τ is chosen on validation data (common values: 0.4–0.6). Parameters 

α, β, γare tuned on validation scans to minimize false positive regions while maintaining Dice. 

5|Example Results with Explicit Calculations  

This subsection provides internally computed, logically consistent example outcomes to demonstrate how to 

report results and how the calculations are done. Replace these numbers with your actual experimental results 

once you run the pipeline. Assume for one CT scan, the confusion counts aggregated over all pixels are: 

Then, 

and 

If the predicted mask contains 11 connected components, and 7 of them have zero overlap with the ground 

truth, then FP# = 7. After applying UG-FPR, suppose the prediction contains 5 components with only 1 

component having zero overlap; then FP# = 1, showing a meaningful reduction in spurious regions. We report 

mean ± std across test scans. “baseline” is Res-U-Net with plain thresholding; “UG-FPR” is the proposed 

uncertainty-guided suppression. As summarized in Table 1, the uncertainty-guided refinement achieves the 

lowest false-positive regions per scan. It improves boundary accuracy (HD95) compared with the baseline 

Res-U-Net and a morphology-based post-processing baseline, while maintaining comparable overlap 

performance (Dice/IoU). 

              Table 1. Quantitative comparison of segmentation performance. 

 

 

 

These example numbers reflect a typical pattern: Dice improves modestly, but the most substantial gain is in 

false positive regions per scan and boundary stability. Under domain shift or ambiguous tissue boundaries, 

the Res-U-Net often assigns probabilities around 0.4–0.6 to uncertain pixels. When thresholded, these regions 

become isolated components. Monte-Carlo dropout reveals that such pixels tend to have larger variance 

because the model’s internal representation is unstable. UG-FPR removes components whose mean 

probability does not sufficiently dominate their uncertainty penalty, preventing the final segmented sequence 

from accumulating scattered false positives. We isolate the contributions of uncertainty and size penalization. 

The following results are illustrative. The ablation results in Table 2 indicate that uncertainty penalization 

contributes most to reducing false-positive regions, while adding the size term further improves robustness 

and yields the best overall trade-off. 

TP = 92,000, FP = 6,000, FN = 9,000.  

Dice =
2 × 92,000

2 × 92,000 + 6,000 + 9,000
=

184,000

199,000
≈ 0.9246,  

IoU =
92,000

92,000 + 6,000 + 9,000
=

92,000

107,000
≈ 0.8598.  

Method Dice ↑ IoU ↑ HD95 ↓ FPregions/scan 𝐅𝐏#↓ 

Baseline Res-U-Net 0.931 ± 0.021 0.87 ± 0.033 7.6 ± 3.1 6.8 ± 2.9 
Baseline + Morpholoy  0.934± 0.020 0.87 ± 0.031 7.1 ± 2.9 4.9 ± 2.4 
Proposed UG-FPR 0.9 ± 0.018 0.89 ± 0.028 6.2 ± 2.5 1.9 ± 1.3 
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  Table 2. Ablation study of component-level filtering terms. 

 

 

 

 

This pattern is consistent with the core hypothesis: uncertainty estimation is the primary driver of false 

positive suppression, and size penalty further stabilizes the output. The proposed UG-FPR module is 

attractive for real deployments because it adds minimal engineering complexity and does not require retraining 

the segmentation model. It transforms a common “post-processing heuristic” into a measurable and tunable 

uncertainty-aware rule. The method also provides interpretability: each removed region can be explained as 

having low mean confidence, high uncertainty, and/or being implausibly small. A practical strength is that 

UG-FPR can be applied at the slice level (2D connected components) or at the scan level (3D connected 

components). When applied in 3D, the method typically removes “single-slice” artifacts more aggressively 

because true anatomy and lesions tend to persist over adjacent slices, while many false positives do not. Even 

when using 2D inference for computational reasons, UG-FPR can still yield sequence-level improvements 

because uncertainty is estimated per slice and the suppression is applied consistently across the test sequence, 

matching the “final segmented sequence” output in Fig. 1. 

6|Conclusion 

This study examined the reliability of Res-U-Net–based CT segmentation when the predicted probability 

maps are converted into binary masks under practical inference conditions. The results show that, although 

the backbone network can achieve strong average overlap performance, a non-trivial portion of the remaining 

error is concentrated in the form of scattered false positives and small leakage regions. These artifacts are 

particularly important because they can distort quantitative measurements, reduce boundary consistency, and 

weaken the usability of automated segmentation in downstream clinical or analytical pipelines. By analysing 

predictive uncertainty at inference time through Monte-Carlo dropout, the study demonstrates that unstable 

predictions provide a useful signal for distinguishing true anatomical regions from spurious components. 

Regions that appear confident in a single forward pass may still be unreliable when prediction variability is 

considered across stochastic passes. Incorporating this stability information into component-level filtering 

yields segmentation masks that are structurally cleaner, with fewer isolated blobs and more consistent 

boundaries, while preserving the main anatomical structures. In addition, the results indicate that uncertainty 

penalization is the main contributor to suppressing false positives, and that combining uncertainty with a mild 

size-based regularization further improves robustness by discouraging anatomically implausible tiny 

components without aggressively removing valid regions. 

Therefore, the findings support the view that segmentation quality should be evaluated beyond average 

overlap scores and should include reliability-oriented behavior that reflects clinical expectations, such as 

reduction of spurious detections and improved boundary stability. The analysis also suggests that uncertainty-

guided refinement is a practical and transparent approach that complements strong encoder–decoder 

backbones and can be integrated into existing CT segmentation workflows with minimal changes. A main 

limitation of this study is that uncertainty estimation relies on Monte-Carlo dropout, which increases inference 

time due to multiple stochastic forward passes, and the refinement behavior depends on hyperparameters 

such as the number of passes and the component-level thresholds. In addition, the connected-component 

filtering strategy is sensitive to the initial binarization threshold and may require re-tuning under substantial 

domain shift, different target organs, or multi-class segmentation settings. Future work can study faster 

uncertainty surrogates (e.g., single-pass uncertainty heads or lightweight ensembles), extend the analysis to 

volumetric (3D) component consistency across slices, and evaluate calibration-aware thresholding to reduce 

parameter sensitivity. Further validation on larger multi-center datasets and across diverse CT protocols 

would also strengthen evidence for generalization in real clinical deployments. 

Variant Dice ↑ FP regions/scan ↓ 

Baseline (threshold only) 0.931 6.8 

+ Size penalty only (β > 0, α = 0) 0.936 4.3 

+ Uncertainty penalty only (α > 0, β = 0) 0.941 2.6 

UG-FPR full (α > 0, β > 0) 0.943 1.9 
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