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ABSTRACT

Accurate lung nodule segmentation remains a challenging task as inter-observer variability among
radiological experts limits diagnostic consistency. This study introduces Multi-Annotator Consensus
Network with Adaptive Preprocessing (MACN-AP), a deep learning framework learning from multiple
expert annotations simultaneously. The architecture incorporates adaptive preprocessing for optimal
image enhancement, multi-annotator attention mechanisms for expert-specific features, consensus
formation layers, and Bayesian uncertainty quantification. Evaluation was conducted on the Lung Image
Database Consortium and Image Database Resource Initiative (LIDC-IDRI) dataset comprising 875
patients and 1,575 nodules, each with complete four-expert annotations. Through systematic slice-level
sampling, we derived 1,600 training samples from 800 patients and 150 validation samples from 75 held-
out patients using stratified hold-out validation. MACN-AP achieved exceptional validation performance,
with a Dice coefficient of 0.99 and an Intersection of Union (IoU) of 0.98, converging within 10 epochs.
Uncertainty analysis revealed a strong inverse correlation with segmentation accuracy (r = -0.87), enabling
reliable confidence assessment. Moreover, the clinical decision support framework successfully stratified
cases into auto-approve (Dice > 0.98, uncertainty < 0.1), uncertain review, and manual assessment
categories. These findings demonstrate that MACN-AP effectively integrates multi-expert knowledge while
providing interpretable uncertainty estimates, establishing a robust foundation for automated, trustworthy
lung nodule diagnosis workflows through intelligent case routing and evidence-based clinical decision
support.
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I.  INTRODUCTION

Accurate segmentation of lung nodules in Computed
Tomography (CT) imaging is a critical step in early lung cancer
diagnosis, as delineation accuracy directly impacts the
diagnosis outcome. However, current deep learning approaches
typically rely on a single set of expert annotations as the
ground truth, overlooking the inherent variability among
radiologists that characterizes real-world clinical practice [1].
This limitation becomes a critical inter-observer agreement for
lung nodule boundaries, typically ranging from 0.68 to 0.82 in
Dice coefficients, indicative of substantial diagnostic
uncertainty [2]. Furthermore, existing segmentation methods
often struggle to handle variations in image quality across CT
scanners, frequently requiring manual preprocessing that
introduces additional inconsistencies [3]. In addition, it is
observed that recent deep learning methods failed to provide
clinically meaningful uncertainties, which limits their adoption
in risk-sensitive clinical practices [4].

To address these challenges, this study introduces the
Multi-Annotator ~ Consensus ~ Network  with  Adaptive
Preprocessing  (MACN-AP), a deep learning framework
explicitly designed to learn from multiple expert annotations
while accounting for inter-observer variability. First, we
develop a multi-annotator consensus learning module that
models disagreement patterns among radiologists. Second, we
propose an adaptive preprocessing mechanism that
autonomously optimizes image enhancement parameters during
training. Finally, we integrate Bayesian uncertainty estimation
to quantify prediction confidence, directly informed by
annotator disagreement patterns.

The proposed model was evaluated on the Lung Image
Database Consortium and Image Database Resource Initiative
(LIDC-IDRI) dataset, which provides an ideal testbed with four
expert radiologist annotations per nodule [5]. Our contributions
advance the medical image segmentation field by providing
clinically interpretable uncertainty measures while improving

segmentation accuracy through consensus learning. The
proposed method demonstrates the potential for real-world
deployment in computer-aided diagnosis systems, where
uncertainty-aware predictions can guide clinical decision-
making and identify cases requiring additional expert review.

A. Literature Review

Recent advances in deep learning have driven significant
progress in medical image segmentation, particularly through
architectures such as U-Net, which remains the dominant
backbone across diverse imaging modalities [6]. However,
most of these methods assume a single ground-truth annotation,
overlooking inter-observer variability inherent to clinical
interpretation. To mitigate this, a growing body of research has
begun incorporating annotation variability into the learning
process for medical contexts. For instance, authors in [7]
proposed ensemble methods combining multiple expert
annotations for cardiac segmentation, demonstrating improved
robustness compared to single-annotator training. Similarly,
authors in [8] developed probabilistic frameworks that model
uncertainty arising from annotator disagreement in brain tumor
segmentation. However, these methods primarily focus on
post-processing consensus rather than learning from
disagreement patterns during training.

Beyond medical imaging, the concept of learning from
crowds has gained traction in computer vision, where
variability among annotators is treated as an informative signal.
Authors in [9] introduced the attention mechanism to aggregate
multiple annotations in natural image segmentation, while
authors in [10] demonstrated variational approaches for
handling noisy annotations. Nevertheless, direct application to
medical imaging remains limited due to domain-specific
challenges, including class imbalance and critical accuracy
requirements.

Parallel to these advances, learnable preprocessing has
emerged as a promising alternative to static image
enhancement pipelines. Authors in [11] proposed an adaptive
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contrast enhancement network for retinal imaging, improving
generalization across acquisition protocols. Edge-aware
preprocessing techniques have also shown potential for
enhancing structural boundaries, as demonstrated in [12] using
Sobel filtering for vessel segmentation and in [13] using
Laplacian filters for cardiac imaging.

Uncertainty quantification has also attracted growing
attention. Authors in [14] utilized Monte Carlo dropout for
uncertainty estimation in lung nodule classification,
demonstrating a strong correlation between prediction
confidence and diagnostic accuracy. Authors in [15] applied
variational inference for pixel-level uncertainty in brain lesion
segmentation, while authors in [16] explored deep ensemble
strategies for robust medical image analysis. In addition,
authors in [17] investigated evidential neural networks for
uncertainty-aware diagnosis. Although these approaches
provide valuable insight into model confidence, their high
computational cost remains a major barrier to real-time clinical
deployment. However, computational overhead remains a
significant limitation of such techniques for clinical
implementation.

Finally, consensus learning from multiple experts has
recently emerged as a key direction in medical Al. Authors in
[18] introduced attention-based consensus mechanisms for
pathology image analysis, achieving closer agreement with
expert panels than traditional majority voting. Similarly,
authors in [19, 20] proposed weighted consensus learning for
radiological diagnosis, incorporating expert confidence scores
during training.

II. METHODOLOGY

A. MACN-AP Architecture

The proposed MACN-AP architecture, as illustrated in
Figure 1, integrates four significant processes: adaptive
preprocessing, multi-annotator attention, consensus formation,
and uncertainty estimation. The proposed architecture
addresses all the fundamental limitations in the existing
approaches by learning from expert disagreement patterns
while also optimizing image enhancement parameters.

1) Adaptive Preprocessing

A learnable preprocessing module was employed that
adaptively enhances image contrast and edge representation.
The adaptive enhancement function is formulated as:

A
Lennancea = Y((X ' Iinput + B) (1)

where a, 3 and A represent learnable parameters corresponding
to contrast, brightness, and gamma correction, respectively
[21]. These parameters are optimized through backpropagation
along the network weights. Also, the enhancement process
utilizes trainable convolutional filters, which initialize the
classical operators. The edge magnitude is computed as:

Emagnitude = \/Z?:l(Fi * Ienhanced)z (2)

where F; represents the learnable edge detection filters based
on Sobel, Laplacian, and Gaussian operators [22]. The final

preprocessed output combines enhanced intensity with edge
information:

Iprepracessed = Ienhanced tw- Emagnitude (3)

where o controls edge contribution strength during training.
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Fig. 1. Proposed MACN-AP architecture.

2) Multi-Annotator Attention Mechanism

Unlike conventional approaches that average multiple
annotations, MACN-AP employs individual attention heads for
each radiologist's annotation [23]. Each annotator-specific
attention module A; generates spatial attention maps:

A(x) =0 (Conv1><1 (ReLU(Conlel(x)))> 4

where o denotes sigmoid activation, and j indexes the
annotator. This design enables the model to learn expert-
specific spatial features, preserving annotation diversity. To
prevent overfitting to individual annotators, MACN-AP
employs three strategies:

e Softmax-normalized consensus weights, ensuring Y, w; =
1.

e Cross-annotator regularization, expressed as Lpgiance =
- X w; log(wj), encouraging uniform distribution.

e Spatial dropout (p = 0.3) to enforce robust, generalized
consensus learning.

3) Consensus Formation and Uncertainty Estimation

The consensus mechanism weights individual annotator
contributions through learnable parameters, enabling the
network to discover optimal annotation combinations during
training [24]. Uncertainty estimation is guided by inter-
annotator disagreement patterns, quantified through pixel-wise
variance:

www.etasr.com

Venkatesh et al.: Multi-Annotator Consensus Network with Adaptive Preprocessing for Lung Nodule ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 6, 2025, 29566-29573 29569

Upixel = O-(Zf:lvar(Mk) ) )

where M, represents the k" annotator mask, Var computes
pixel-wise variance, and ¢, represents learnable weighting
factors [25]. To capture spatial correlation, uncertainty
estimation further incorporates Gaussian kernel weighting and
an inter-annotator covariance matrix Cj = Cov(Mj, Mk) ,
which detects systematic boundary biases, with adaptive
calibration factors 3; correcting historical agreement patterns.

B. Training Loss

The total training loss combines multiple components to
jointly optimize segmentation accuracy, consensus alignment,
and uncertainty calibration:

Ltotal = O'4Lindividual + O-3Lconsensus +
+ O-ZLuncertainty + 0'1Lbalance (6)

where Ly, giviauar US€s a hybrid focal and Dice loss for each
annotator, L¢onsensus €mploys weighted Binary Cross-Entropy
(BCE) to promote agreement, Ly certqingy €0COUrages accurate
confidence estimation, and Lpgance regularizes annotator
weight distribution, with weights optimized through grid search
validation.

The encoder-decoder structure follows U-Net principles
with modified skip connections to incorporate multi-annotator
learning. Each encoder level processes the adaptively
preprocessed images through convolutional blocks with
embedded annotator-specific attention modules, allowing
feature extraction tailored to individual expert perspectives.
Distinct from prior work such as [11], MACN-AP integrates
multi-domain enhancement (intensity + learnable edge filters)
with  annotator-aware adaptation, where preprocessing
parameters are optimized based on multi-expert disagreement
patterns through backpropagated consensus loss.

C. Implementation Details

MACN-AP
framework with

implementation  utilizes the
custom modules for

PyTorch
multi-annotator
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Fig. 2.
validation metrics (Dice, IoU, Specificity, Sensitivity, and F1-score).

processing. Input images undergo normalization to the [0, 1]
range before adaptive preprocessing. The network processes
256x256-pixel patches with batch sizes adjusted based on
available computational resources.

D. Dataset Description

This study utilized the LIDC-IDRI dataset, a
comprehensive public repository for lung nodule detection and
characterization research [5]. The LIDC-IDRI -collection
contains 1,018 helical thoracic CT scans obtained from seven
academic centers and eight medical imaging companies across
the United States of America. From this collection, 875 patient
cases containing nodules >3 mm in diameter with complete
four-expert annotations were selected. Each patient typically
contained 1-4 nodules (average = 1.8), resulting in 1,575
unique nodule instances. For each nodule, the central axial slice
containing the maximum cross-sectional area and one adjacent
slice (superior or inferior) were extracted, yielding 1,600 2D
image patches (256x256 pixels) centered on the nodules used
for training and an additional 150 images used for validation.

This dual-phase annotation process resulted in detailed
markup of nodules >3 mm diameter, including precise
boundary delineations and nine-point Likert scale ratings for
nodule characteristics, including subtlety, internal structure,
calcification, sphericity, margin definition, lobulation,
spiculation, texture, and malignancy likelihood.

III. RESULTS AND DISCUSSION

Figure 2(a) illustrates the comprehensive training dynamics.
Specifically, accuracy and Dice increase while loss decreases
sharply during the first two epochs and then plateau, with
training and validation curves remaining closely aligned
thereafter. The proposed MACN-AP demonstrated exceptional
performance, achieving a final validation Dice coefficient of
0.995 and a final Intersection of Union (IoU) score of 0.98, a
specificity of 0.99, a sensitivity of 0.995, and an Fl-score of
0.99, while the 10-epoch convergence was achieved without
early stopping.

1o] 0995 0.980 0.990 0.995 0.990

0.8

Score

0.44

0.2

0.0-

DICE IoIU Specilficity Sensitivity ~ F1-Score

(b)

Model training and evaluation overview. (a) Training and validation loss, accuracy, and Dice plotted against epoch progression. (b) Aggregate

www.etasr.com

Venkatesh et al.: Multi-Annotator Consensus Network with Adaptive Preprocessing for Lung Nodule ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 6, 2025, 29566-29573 29570

Moreover, the loss convergence analysis presented in
Figure 3(a) reveals optimal training behavior with both training
and validation losses decreasing monotonically from initial
values of 0.21 and 0.24, respectively, to a final convergence
loss below 0.02. This parallel reduction confirms the absence
of overfitting and indicates effective knowledge transfer from
multi-annotator supervision. The learning rate schedule, shown
in Figure 3(b), applied a strategic decay from 1:103 to 1-10* at
epoch 5, followed by further reduction to 1-10° during the 3
final epochs. This adaptive scheduling facilitated fine-grained
parameter optimization during later training phases,
contributing to the exceptional final performance metrics.

Loss Convergence Analysis
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The adaptive preprocessing module successfully learned
dataset-specific enhancement parameters through end-to-end
optimization. Analysis of the learned parameters reveals
intelligent adaptation to LIDC-IDRI imaging characteristics,
with contrast enhancement, brightness adjustment, and gamma
correction values optimized for lung tissue visualization. These
learned parameters demonstrate the preprocessing module's
capability to automatically discover optimal image
enhancement strategies without manual tuning, representing a
significant advancement over fixed preprocessing pipelines
commonly employed in medical imaging applications.

Learning Rate Schedule
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(d

Detailed optimization and performance breakdown. (a) Epoch-wise training and validation loss. (b) Learning-rate schedule used during training. (c)

Dice and IoU values across epochs. (d) Final evaluation metrics summarized across the validation set.

Ablation analysis showed that epochs 1-3 achieved rapid
consensus learning (Dice: 0.65—0.89), epochs 4-6 refined
boundaries through adaptive preprocessing (Dice: 0.89—0.96),
and epochs 7-10 calibrated uncertainty mechanisms (Dice:
0.96—0.99). Multi-annotator supervision enabled efficient
knowledge transfer, in contrast to traditional single-annotator
approaches requiring 50-100 epochs [26].

Figure 4(a) illustrates the relationship between prediction
uncertainty and segmentation accuracy, revealing a strong
inverse correlation consistent with reliable uncertainty
estimation. Specifically, the scatter plot demonstrates that high-
accuracy predictions (Dice > 0.98) predominantly exhibit low
uncertainty values (<0.05), while intermediate accuracy cases
show proportionally increased uncertainty estimates.
Additionally, the uncertainty distribution histogram in Figure

4(b) shows concentration around low uncertainty values,
indicating the model generates confident predictions for most
cases. This pattern aligns with clinical expectations, where the
majority of lung nodule segmentations should exhibit high
confidence levels.

The multi-annotator agreement analysis depicted in Figure
4(c) demonstrates strong alignment between inter-expert
consensus and model uncertainty estimates. The fitted trend
line shows that cases with high annotator agreement (>0.95)
correspond to minimal model uncertainty (<0.06), further
validating the clinical reliability of the uncertainty
quantification mechanism.
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The clinical decision zones visualization illustrated in
Figure 4(d) demonstrates practical implementation potential
through three distinct operational regions:

e Auto-Approve Zone (Green): Cases with segmentation
quality >0.98 and uncertainty <0.1 qualify for automated
approval, encompassing the majority of model predictions
and enabling confident clinical automation.

e Uncertain Zone (Orange): Intermediate cases (Dice 0.94-
0.98, uncertainty 0.1-0.4) are flagged for manual review but
correctly

provide decision

support,

requiring expert intervention.

e Review Required Zone (Red): Cases with Dice <0.94 or

Quantitative evaluation on the identical LIDC-IDRI subset
demonstrates superior performance: MACN-AP achieved
0.990 + 0.012 Dice compared with the study in [8] (0.923 +
0.045) and the study in [23] (0.941 + 0.038). IoU scores were
0.980 + 0.018, versus 0.856 + 0.067 and 0.889 =+ 0.052,
respectively. Furthermore, Moreover, MACN-AP required only
10 epochs, compared to 85-120 epochs for competing methods,
and used 7.87 M parameters versus 12.3-15.7 M [27]. The
uncertainty-accuracy correlation (-0.87) outperformed both
comparative approaches (ranging from -0.68 to -0.72).

identifying  those These results strongly support its integration into clinical
workflows as a primary diagnostic tool, rather than merely an

assistive technology.

uncertainty >0.4 require full expert assessment, ensuring
appropriate escalation for challenging cases.
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IV. CONCLUSION

The proposed Multi-Annotator Consensus Network with
Adaptive Preprocessing (MACN-AP) framework achieved
exceptional segmentation performance, with a Dice coefficient
of 0.99 and an Intersection of Union (IoU) score of 0.98,
effectively capturing consensus from diverse radiological
perspectives. The study’s key contributions include adaptive
preprocessing optimization, multi-level annotator attention
mechanisms, and validated uncertainty quantification,
collectively enabling a robust clinical decision support system.

This framework provides a critical confidence assessment
mechanism, stratifying outputs into appropriate clinical
pathways. High-confidence predictions qualify for automated
approval, whereas uncertain cases are directed for expert
review, thereby optimizing radiologist workflow efficiency.
The model’s performance surpasses typical inter-observer
agreement levels, indicating enhanced diagnostic consistency.
This methodological advancement establishes multi-annotator
consensus learning as a superior alternative to traditional
single-expert  approaches. The integrated uncertainty
mechanisms enhance the trustworthiness and interpretability
required for clinical Artificial Intelligence (AI) deployment,
while the adaptive preprocessing module offers a generalizable
methodology applicable across diverse medical imaging
domains.

Current limitations include the model’s focus on common
nodule types and 2D segmentation scope. Future research
should pursue multi-institutional validation and broader
annotator diversity to strengthen generalizability. Overall, the
proposed framework provides a foundation for diverse medical
imaging applications where expert disagreements impact
clinical outcomes.
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