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Abstract

Accurate and quantitative pain assessment remains a major challenge in clinical medicine, especially
for patients unable to verbalize discomfort. Conventional methods based on self-reports or clinician
observation are subjective and inconsistent. This study introduces a novel automated facial pain
assessment framework built on a dual-attention Convolutional Neural Network (CNN) that achieves
Medical-Grade reliability and interpretability. The architecture combines multi-head spatial attention
to localize pain-relevant facial regions with an enhanced channel-attention block employing triple
pooling (average, maximum, and standard-deviation) to capture discriminative intensity features.
Regularization through label smoothing (ct=0.1) and AdamW optimization ensures calibrated, stable
convergence. Evaluated on a clinically annotated dataset using subject-wise stratified sampling, the
proposed model achieved a test accuracy of 90.19 % * 0.94 %, with an average 5-fold cross-validation
accuracy of 83.60 % + 1.55 %. The model further attained an F1-score of 0.90 and Cohen’s x = 0.876,
with macro and micro-AUCs of 0.991 and 0.992, respectively. The evaluation covers five pain classes
(No Pain, Mid Pain, Moderate Pain, Severe Pain, and Very Pain) using subject-wise splits comprising
5,840 total images and 1160 test samples. Comparative benchmarking and ablation experiments
confirm each module’s contribution, while Grad-CAM visualizations highlight physiologically
relevant facial regions. The results demonstrate a robust, explainable, and reproducible framework
suitable for integration into real-world automated pain-monitoring systems.

Keywords: facial pain assessment; dual-attention convolutional neural network (CNN); medical-
grade calibration; label smoothing; AdamW optimization; healthcare Artificial Intelligence (AI);
clinical decision support

1. Introduction

Pain remains one of the most prevalent and challenging clinical phenomena to quantify
objectively. In many scenarios, such as neonatal care, anesthesia recovery, or neurological
impairment, patients are unable to self-report, rendering conventional numeric or visual analogue
scales unreliable [1]. This is why automated facial analysis has emerged as a promising, observer-
independent approach for continuous pain monitoring [2]. These rapid developments in the field of
deep learning and computer vision have enabled direct inference of multidimensional expressions of
pain using facial imagery while bypassing the potential bias related to manual observations [2, 3].
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However, comprehensive studies have confirmed data-driven techniques now being able to equal or
outperform the accuracy of clinician-level detections when utilized on standardized facial-expression
datasets [4]. Because of the extensive literature on facial pain, The Prkachin and Solomon Pain
Intensity (PSPI) has been the foundation for modeling facial pain: quantified combinations of
particular Action Units, in particular brow lowering, eye tightening, and levator activation, as well
as observer-rated pain [5]. Consequently, machine-learning systems can be trained on PSPI-
annotated samples to map visual patterns onto numeric pain scores or pain intensities [6].

However, the achieved progress is not fully satisfactory. Many of the existing CNN-based
methods generalize poorly across subjects and illumination conditions, as they do not successfully
highlight subtle, localized micro-movements differentiating adjacent pain levels [7]. This limitation
was successfully addressed with attention mechanisms in some modern convolutional architectures.
Spatial attention does so by highlighting pain-relevant facial regions, while channel attention re-
weights feature maps according to diagnostic importance [8]. Both mechanisms enable networks to
concentrate on discriminative facial regions without additional computational burden. [9]. Now,
recent work goes even further, demonstrating that attention-based CNN representations can reach
the reliability of a clinician if validated with careful statistical safeguards, such as multi-fold cross-
validation and reporting of confidence intervals. These attention-enhanced representations are
additionally easily incorporated into advanced training techniques, the most crucial of which is label
smoothing and decoupled weight decay. These adjustments substantially improve both
generalization and calibration, two of the most critical aspects of deploying deep learning in clinical
practice [10, 11]. Recent advances in machine learning and deep learning across diverse domains,
including hybrid architectures, predictive modeling, and bioacoustics signal classification [12-18],
provide a strong foundation for extending these methodologies toward clinical Al for automated
facial pain assessment.

Ultimately, calibrated confidence is equally, if not more, important than classification accuracy
in safety-critical medical applications. Since neural networks tend to output overly confident
probabilities when presented with ambiguous or shifted input, threshold selection and Receiver
Operating Characteristic (ROC) interpretation become non-trivial [19]. Empirical investigation has
demonstrated that label smoothing and temperature-scaling methods can rectify miscalibration
without sacrificing much accuracy [20]. More sophisticated forms of label smoothing, such as
spatially varying or informed techniques, even greater stabilize predictive distributions and improve
reliability when making medical image classification [21]. For humans, these techniques collectively
increase interpretability and calibrate the proper level of clinical trust into automated decision-
support systems [22]. Trustful medical Al should also have reproducibility as one of the main
requirements. Community guidelines make sure that reruns and other institutions yield the same
results using determinist seed control, preprocessing transparency, and validation protocol fixing
[23]. Moreover, regulatory authorities increasingly require traceability, robustness, and
reproducibility of performance for Al-driven in vitro diagnostic (IVD) analysis [24]. Following these
best practices, the present study enforces fixed random seeds across all computational components,
records versioned software environments, and reports class-wise and ROC-based evaluation metrics
to support reproducible, auditable findings [25].

Within this rigorously controlled framework, we propose a novel Dual-Attention CNN that
unifies two synergistic components: (i) a multi-head spatial-attention module to localize pain-
indicative facial regions, and (ii) an enhanced channel-attention mechanism employing triple pooling
(average, maximum, and standard-deviation pooling) to capture fine-grained intensity variations.
The proposed architecture is further supported by a class-weighted sampling strategy and a subject-
wise stratified data split comprising 5,840 images (4,212 train / 468 validation / 1,160 test) to mitigate
demographic imbalance and prevent data leakage. Training incorporates label smoothing (ot = 0.1)
and AdamW optimization to improve convergence stability and predictive calibration. Extensive
evaluation using 5-fold cross-validation and independent test analysis demonstrates an average
validation accuracy of 83.60 % + 1.55 % and a test accuracy of 90.19 % + 0.94 %, with F1 = 0.90 and
Cohen’s k = 0.876, and macro- and micro-AUCs of 0.991 and 0.992, confirming strong generalization
and statistical reliability. Supervision is derived from PSPI-based labels reorganized into clinically
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meaningful pain categories, while standard data-augmentation techniques (flipping, rotation, and
color jitter) are applied to enhance generalization. Ablation and benchmarking analyses further verify
the contribution of attention modules, augmentation strategies, and regularization components.
Visual interpretability through Grad-CAM heatmaps reveals physiologically meaningful activation
over key facial regions associated with pain, reinforcing clinical transparency. Experimental
evaluation demonstrates balanced precision, recall, and F1 performance with strong ROC separation
across pain levels, confirming that the proposed novel architecture effectively addresses current gaps
in calibration, transparency, and reproducibility.

Although transformer-based architectures have been proposed, their high data requirements
and lack of interpretability limit their clinical application. In contrast, Convolutional Neural
Networks (CNNs) offer reliable calibration, reproducibility, and effective spatial analysis of facial
Action Units (AUs) such as brow lowering, eye tightening, and mouth stretching, even on small,
imbalanced datasets. Motivated by the promising result, we further extend the basic CNN
framework while adding multi-head spatial and triple-pooling channel attention for improving
localization, feature discrimination and calibration in clinical pain prediction.

The remainder of this paper is organized as follows. Section 2 will provide an in-depth literature
review of the facial-expression-based pain assessment, including the latest advancements of attention
and calibration techniques. Section 3 will explain the dataset itself, the preprocessing pipeline, and
the label reorganization. Section 4 will elucidate the proposed Dual-Attention CNN framework and
the implemented reproducibility protocol. Section 5 will report the results of the experiments, as well
as the comparison with other works. Section 6 will give some appreciation of the limitations and some
recommendations for potential clinical adoption, while Section 7 will conclude the Foundational
work and articulate some of the next steps in terms of research.

2. Related Work

The earliest approaches on automatic pain recognition implemented hand-designed facial
features inspired by the Facial Action Coding System combined with classifiers to deduce the
muscular activity related to pain. In the classic method, the classifiers are trained on features to
predict pain intensity labels, conceptualized as a function of Action Unit (AU) such as AU4 — brow
lowering, AU6/7 enhanced the cheek part of eye — raising/lid tightening flow-max AU9/ 10 — upper
lip raiser/ ‘nose wrinkle. Similarly to the Weighted Average Classifier (WAC) conventional
approaches such as Gabor filters were also used [26]. The feature engineering setup consisted of
several hand-crafted primitives: geometric distances, gradient-based texture descriptors, and optical
flow maps to capture the subtle facial deformation [27, 28]. These features were fed into classical
classifiers such as Support Vector Machines (SVM), AdaBoost, or Random Forest in order to predict
the pain score or a discrete pain level [28]. One of the first widely used benchmark datasets is UNBC-
McMaster Shoulder Pain Expression Archive that contained FACS-annotated frames and
corresponded pain intensities to consistently evaluate the presented early pipelines [29]. Extensions
of the used baselines included dynamic texture features, such as Local Binary Patterns on Three
Orthogonal Planes (LBP-TOP), and the fusion of geometric versus texture features to increase the
robustness to illumination changes and small head movements [30]. Unfortunately, the above
methods struggled to model spatial dependencies between the distant facial regions and showed low
generalizability when encountering different subjects, occlusions or complex background.
Additionally, the heuristic choice of AUs used in feature spaces, the manual AU coding, and static
features made these approaches hard to be scaled to large or in-the-wild collections [31].

2.1. Deep Learning Approaches for Pain Recognition

Deep learning has transformed automatic pain recognition by allowing networks to extract
discriminative features de novo from raw facial data, obviating the need for hand-crafted descriptors.
Early CNN models including Visual Geometry Group Network (VGGNet) and ResNet led to nearly
perfect classification accuracy in pain recognition. CNNs learn hierarchical facial features, from
elementary units, i.e., micro-movements to their high-level interconnected expression with entire
complex components [6]. Kaltwang and Martinez (2016) has made a CNN and a Long Short-Term

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.2089.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 November 2025 d0i:10.20944/preprints202511.2089.v1

4 of 24

Memory (LSTM) architecture hybrid for continuous pain-intensity estimation: It bases spatial and
temporal inferences algorithmically on sequential data to capture dependencies in facial expressions
[28]. To track the evolving expressions in the frames, frame-level static baseline was surpassed.
Moreover, Ye et al. have introduced the extension of regional attention to a multi-branch CNN that
accommodates both global and localized facial areas simultaneously  eyes and mouth. The method
showed the positive impact of the work on the model’s resistance against pose and illumination
alteration [32]. Towards maturity, the goals shifted from the architecture’s demands to focus on the
search for optimal backbones and efficient parameters. Recently, several authors [33]. Sun et al., (2023)
focused on the latter. Sun et al. combined Vision Transformers (ViTs)/ with a convolution of token
embeddings to capture long-range contextual relationships of facial subspaces. The method not only
outperformed all state-of-the-art approaches but beat them with a minimum margin and became the
best for the task of recognizing subtle between class pain differences.

Besides the area of static image recognition, there are multiple teams developing strategies of
domain adaptation allowing the models to generalize well and supervise imaging databases to do so.
Since the transfer-learning-based frameworks remove demographic and lighting biases in the target
data, the methods include explicit feature alignment and adversarial adaptation [34]. Lastly, medical
Al applications and recent literature deviate the importance of fair and replicable model comparison,
measured by statistical validation k-fold cross-validation and uncertainty quantification. Despite the
above-mentioned advances, all these modern publications represent a transition from learned hand-
engineered descriptors to end-to-end architects, expending the learned representations for spatial,
temporal, and contextual dependencies. However, most existing deep models remain poorly
calibrated, non-reproducible, and lack validation through Confidence Interval (CI) based reliability
analysis. Meanwhile, the lack of statistically validated reports forces us to design our Dual-attention
CNN solution, which is specifically tuned for clinical strength and medical-grade robustness.

2.2. Attention Mechanisms in Medical Image Analysis

At the same time, attention modules have become indispensable components of deep networks,
which highlight diagnostically relevant regions while suppressing irrelevant noise. Squeeze-and-
Excitation module was among the first and most influential designs, which also uses global pooling
to compute channel-wise statistics, with subsequent adaptive reweighting of feature channels. This
allows for the improved representational power of discriminative feature maps [7]. Many variants
refine this concept by decreasing complexity or model local cross-channel interaction much more
atomically Attention frameworks are widely applied in medical imaging for enhancing segmentation,
detection, and classification tasks. In particular, the Attention U-Net introduced attention gates that
can learn to concentrate on the most important structures in an encoder-decoder architecture. This
mechanism makes it possible for the network to ignore irrelevant areas and foreground target organs
automatically and avoid the need for explicit localization modules [35]. The mechanism inserted end-
to-end and achieved superior performance. Other works integrate spatial attention or hybrid
attention modules either after U-Net or within U-Net variants to enhance boundary delineation and
reduce false positives [36]. The mechanism inserted end-to-end and achieved superior performance.
Other works integrate spatial attention or hybrid attention modules either after U-Net or within U-
Net variants to enhance boundary delineation and reduce false positives [37]. Additionally, the
authors give credit to the critical role of attention in the development of the U-Net [38].

Furthermore, dual cross-attention modules have been proposed to bridge the semantic gap
between encoder and decoder layers: first capturing channel cross-attention, then spatial cross-
attention to produce richer skip-connection information. In segmentation tasks, attention gains often
translate into better boundary fidelity and improved performance metrics (e.g. Dice score, IoU)
especially in challenging regions. Recent studies also demonstrate that combining spatial and channel
attention in hybrid or dual-attention configurations enhances both interpretability and statistical
stability, confirming their suitability for explainable Al frameworks. In general, attention mechanisms
in medical image analysis present a viable approach to stimulating feature learning while focusing
on clinical configurations of interest. The achievements in segmentation and classification emphasize
their relevance in the context of facial pain recognition, where minor micro-expressions related to
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essential facial regions, such as eyes, brows, and mouth, are selectively amplified by spatial and
channel attention mechanisms.

2.3. Limitations of Existing Architectures

Therefore, despite the substantial advanced accelerated by deep learning in facial pain
recognition, several unresolved limitations still hinder its clinical deployment. These include:

1. Weak Inter-class Discrimination

Current CNN-based and hybrid transformer models exhibit limited ability to distinguish
between adjacent pain-intensity levels (e.g., mid vs. moderate). This shortcoming arises because most
frameworks rely on global facial embeddings rather than emphasizing medically validated Action
Units (AUs) such as eye tightening or brow lowering [6].

2. Probability Mis-calibration

Many networks produce over-confident predictions under distributional shifts, compromising
decision reliability in clinical contexts. Although label-smoothing and temperature-scaling
techniques are known to improve calibration, they remain under-utilized in pain-recognition systems
[9].

3. Dataset Bias and Limited Generalization

Numerous reported systems lack deterministic seed control, explicit dataset-split
documentation, or software-version tracking. Such omissions reduce external validation capability
and violate Findable, Accessible, Interoperable, and Reusable

(FAIR) reproducibility standards that are now expected in medical-Al research [21]. Most public
facial-pain datasets are demographically narrow, often dominated by single-ethnicity adult subjects
and captured in controlled laboratory conditions. As a result, even high-accuracy models tend to
degrade under clinical lighting variation, occlusion, or spontaneous movement.

4. Lack of Uncertainty Quantification and Explainability

There are few architectures that quantify predictive uncertainty and generate interpretable
visual explanations suitable for medical auditing and practitioner trust. In addition, few studies
assess cross-validation variance or variability bands that are necessary to efficiently report
statistically consistent findings. Together, these limitations argue for architectures that concurrently
improve fine-grained discrimination, calibration reliability, and experimental reproducibility [39].
For this reason, we present the designed Dual-Attention CNN model to address these limitations,
allowing for medical-grade automatic facial-pain assessment.

2.4. Research Gaps

Over the past decade, automated facial-pain assessment has progressed from handcrafted
computer vision to end-to-end deep-learning approaches, advanced from expert designed models
from fully black-box deep learners. Yet, significant challenges predispose clinical adoption.
Longstanding CNN and transformer models could not discern adjacent pain levels due to inadequate
focus on localized Action Units (AU) and micro-movements, and poor probability calibration under
domain shifts threat to ROC-AUC and spiked Expected Calibration Error (ECE). Additionally, many
works could not reproduce due to non-deterministic seed control, concealed data splits, and
unspecified software environments. With restricted diversity of datasets and low model
interpretability, none can generalize across patients and get accepted by clinicians. In contrast, the
current paper presents a statistically validated Dual-Attention CNN, utilizing multi-head spatial
attention 1) to assuage pain-region localization and 2) to empower channel attention with triple
pooling of the average, max, standard deviation for precision intensity encoding. With label
smoothing a = 0.1 and AdamW under deterministic training, the model provides reliability,
reproducibility, and clinical interpretability for immediate adoption in real-world medical
Automated Expression Scoring (AES).

3. Materials and Methods

The dataset used in this work was accessed from the BioVid Heat Pain Database, comprising
5,840 clinically annotated RGB facial images representing a variety of pain intensities. For all images,
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a pain scale in the form of pain-related facial cues, mirroring Action Units within empirical
identification, was formed. Such cues consisted of a lowered brow (AU4), tightened eyes (AU6/7),
nose wrinkling (AU9/10), and mouth opening (AU25/26). In total, there are five balanced classes of
the Pain Rating Scale: No Pain, Mid Pain, Moderate Pain, Severe Pain, and Very Pain, each containing
approximately 1,180 samples. PSPI values ranged from 0 to 10 and were subsequently combined into
five nearly equal subsets for class balance. The raw dataset contained several thousand facial frames
of diverse subjects captured under strict lighting and neutral background. Nevertheless, the initial
distribution of classes was severely imbalanced, heavily skewed towards the “no pain” category that
Occupied the majority of the sample space, potentially predisposing deep learning algorithms to
majority-class predictions. Hence, as a result, a holistic preprocessing pipeline was launched to keep
the data’s comprehensive clinical relevance and the model’s stability standard that comprised the
image format standardization, its labelling, and the class proportion balancing prior to the model
training. For the test split, a subject-wise stratified sampling approach was used to ensure the absence
of identity overlap between training, validation, and test sets, constituting approximately 72%, 8%,
and 20% of the data, respectively. In addition, class balancing was achieved using a combination of
weighted sampling and data-targeted augmentation that included horizontal flipping (p =0.5), small-
angle rotation (£15°), and color jitter (brightness/contrast/saturation = 0.2, hue = 0.1) to equalize the
class distributions of pain levels.

3.1. Label Consolidation and Class Balancing (PSPI mapping)

Given that the original PSPl annotations were continuous valued from 0 to 10 which
corresponded to a diverse spectrum of pain intensity resulting from various facial AUs combines, the
five values were re-mapped into 5 clinically interpretable classes. They were used to help provide
well-balanced supervision and simultaneously equally discriminate across pain intensity class. The
final mapping is given below:

Table 1. Mapping of Prkachin and Solomon Pain Intensity (PSPI) Scores to Discrete Pain Categories for Model
Training and Evaluation.

PSPI New

Range Label ID Clinical Descriptor

0 0 No Pain

1 1 Mid Pain
2to3 2 Moderate Pain
4t06 3 Very Pain

7to 10 4 Severe Pain

This label consolidation strategy was motivated by prior facial pain research demonstrating that
mid-range PSPI levels (2-3) share overlapping Action Unit (AU) activation patterns, which can lead
to ambiguous class boundaries if modeled separately. Through transformation of PSPI intervals into
five categorical groups, clinical interpretability of the scale was preserved while enhancement of class
balance and training stability were also achieved. Balancing the classes by augmenting the minority
classes with target augmentation (which included horizontal flipping, rotation +15° and brightness
+20%) to those with almost uniformly class distribution. This critically balanced dataset reduced the
bias of “No Pain” class and improved the model’s sensitivity to weak pain signals.

3.2. Data Partitioning and Stratified Sampling

By using a subject-wise stratified sampling strategy, the dataset was divided into training (72%),
validation (8%), and test (20%) subsets, while preserving the balance between the five PSPI-based
pain categories in the same proportions (No Pain, Mid Pain, Moderate Pain, Very Pain, Severe Pain).
The stratification of subjects ensured the avoidance of data leakage and patient overlap between
training and validating datasets, the balance of classes, and an unprejudiced evaluationt.
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Pain Class Distribution in BioVid Heat Pain Database
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Figure 1. Class distribution of the full dataset across five PSPI-based pain categories (No Pain, Mid Pain,
Moderate Pain, Very Pain, Severe Pain), showing near-uniform representation achieved through stratified
sampling.

The full-dataset distribution, depicted in Figure 1, is nearly uniform in representation of the five
pain categories, though there is a marginally varying nature of the distribution in the Severe Pain
1,120 samples and Very Pain 1,180 samples classes. This distribution allowed for an equal exposure
to all levels of pain that resulted in reduced overfitting to majority classes. Meanwhile, the subject-
based stratified sampling ensured preservation of the proportionality in the designation of the
subsets. Therefore, approximately 72%, 4212 images were assigned for training, 8%, 468 images
assigned for validation, and 20%, 1160 images set for testing. As a result, such partitioning ensured a
statistically fair performance evaluation process and increased the model robustness to the between
class variation.

3.3. Image Preprocessing and Data Augmentation

Uniform data, generalizable models, and clinical reliability required effective preprocessing and
augmentation. The facial pain data were obtained from the BioVid Heat Pain Database, comprising
images that varied in illumination, pose, and resolution, necessitating normalization before model
training. The preprocessing pipeline retained the facial features relevant to the diagnosis and
minimized noise and overfitting. Data augmentation was localized to the minority classes to balance
representation and realism but did not alter facial pain implementation. Every input image was
resized to 64 x 64 pixels and normalized with ImageNet mean-standard-deviation (u = [0.485, 0.456,
0.406], o = [0.229, 0.224, 0.225]) statistics for numerical stability and consistency with the CNN
backbone. Training set images were further augmented with random horizontal flipping or +15°
rotation and brightness/contrast adjustments of +0.2 to approximate real-world variability.
Validation and test subsets were resized and normalized with complete determinism to avoid
evaluation bias and ensure calibration confidence. Targeted augmentation was applied to the
underrepresented classes, Very Pain and No Pain, using horizontal flipping, moderate rotations, and
controlled brightness and contrast adjustments via PyTorch transformations. This process expanded
the dataset from 5,840 to nearly 6,000 balanced images (=1,200 per class), reducing cross-validation
variance and improving convergence stability, lighting robustness, and overall model generalization
[40-42].

3.4. Dataset Demographics and Bias Mitigation Analysis
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Demographic or cross-sectional diversity was also deliberate in gender, ethnicity and age to
objectively fairness and representational perspective desired. The BioVid also includes both male and
female participants with skin phenotypes across a broad spectrum of color, as well as both younger
and older appearing faces; however, the latter was over-represented in the group of adults with light
skin tones. In addition to alleviate this bias, we used class-weighted sampling and subject-wise
stratified partitioning of the data to balance subgroup contributions while focused augmentation
manipulated illumination and color properties in order to reduce dependence on particular visual
characteristics.

True: MidPain True: NoPain True: VeryPain

Pred: MidPain Pred: NoPain Pred: VeryPain
Conf: 0.75 Conf: 0.91 Conf: 0.92

True: VeryPain True: ModeratePain True: MidPain
Pred: VeryPain Pred: ModeratePain Pred: MidPain
Cont: 0.91 Conf: 0.94 Conf: 0.88

Figure 2. Representative dataset samples illustrating inter-subject variability in pose, lighting, and facial features
across pain categories (No Pain, Mid Pain, Moderate Pain, Very Pain, Severe Pain).

3.5. Data Quality and Integrity Validation

Data provenance and transparency: Prior to model training, data integrity and reliability were
confirmed via a multi-stage validation approach. First, each image was visually inspected, and
automatically filtered using a random seed to exclude blurred, duplicated, or mislabeled samples all
allowing to keep only those facial expressions that carry diagnostic value. Subsequently, all
preprocessing and augmentation routines were performed in a way of reproducible pipelines under
the fixed random seeds to ensure the determinism of experiments. Dataset integrity was further
validated by verifying the consistent PSPI-label mapping, equal class proportions in all partitions and
reproducibility of experiments under the repetitively sampled datasets. The final dataset comprised
5,840 original facial images, which, after targeted augmentation, increased to approximately 6,000
balanced samples evenly distributed across all five pain-intensity classes.
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Figure 3. End-to-end data flow diagram showing the preprocessing pipeline from the BioVid Heat Pain Database
through stratified subject-level splitting, augmentation, normalization, and evaluation for the DA-CNN
framework.

Figure 3 illustrates the full data pipeline used in the DA-CNN framework, beginning with raw
BioVid images and PSPI labels. The data undergoes processing steps that include label mapping,
subject-level stratified splitting, augmentation, and normalization. Training, validation, and test sets
are prepared separately, and the evaluation stage outputs key metrics such as accuracy, F1-score,
precision, recall, loss curves, GradCAM maps, and statistical measures including ROC/AUC and p-
values. This end-to-end workflow ensures consistent preprocessing and reliable performance
assessment.

4. Proposed Framework

The proposed Dual-Attention Convolutional Neural Network (DA-CNN) framework is
designed to achieve reliable, interpretable, and statistically validated pain-intensity recognition from
facial imagery. Unlike conventional CNN-based systems that rely solely on spatial convolutions, the
present framework introduces a dual-attention mechanism that integrates multi-head spatial
attention to emphasize pain-relevant facial regions and enhanced channel attention with a triple-
pooling strategy (average, max, and standard-deviation pooling) to capture discriminative intensity
variations. This design choice was motivated by the need to overcome limitations identified in prior
studies, namely poor generalization across subjects, class imbalance, and probability miscalibration
under distributional shifts. The workflow in the model pipeline, as shown in Figure 3, ensures
medical-grade robustness. It is an end-to-end repeatable process that includes standardized
preprocessing, balanced label consolidation, attention-driven feature extraction, as well as calibrated
optimization with AdamW over L1 to L5 and label smoothing with smoothing rate of o = 0.1. Figure
4. also demonstrates the entire framework, emphasizing the connection between preprocessing, dual-
attention feature extraction, regularization, and cross-validated evaluation. In the following sub-
sections, we will describe architectural design, attention mechanisms, optimization strategies, and a
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reproducibility protocol that together enables high-fidelity, clinical interpretability in predicting
pain-level.

FULLY CONNECTED
LAYER 1

CONV BLOCK 3 + ATTENTION
Conv2D; 256—512 filters, 3x3
BatchNorm2D

MULTI-HEAD SPATIAL ATTENTION
4 attention heads
Q, K, V projections
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Figure 4. Detailed architecture of the proposed Novel Dual-Attention CNN, integrating multi-head spatial
attention and triple-pooling channel attention for fine-grained pain-level classification.

Figure 4 presents the full pipeline of the proposed Dual-Attention CNN, which processes a 64x64
RGB facial image through a sequence of convolution, attention, and fully connected layers to achieve
fine-grained pain-intensity classification. The model begins with two convolutional blocks that
progressively expand the feature depth from 3 to 256 channels while extracting low- and mid-level
facial cues related to muscle tension and expression changes; each block incorporates Batch
Normalization, ReLU, and MaxPooling to ensure stable learning and spatial compression. These
features are then forwarded to the core innovation of the architecture, a dual-attention encoder
combining multi-head spatial attention and triple-pooling channel attention. The spatial attention
module uses four independent heads with Q-K-V projections to focus selectively on critical facial
regions such as the eyebrows, eyelids, cheeks, and mouth, enhancing sensitivity to subtle and
localized expression variations. Complementing this, the channel-attention block employs a triple-
pooling strategy (average, max, and standard-deviation pooling) to extract richer global statistics
than traditional SE blocks, enabling more precise channel-wise weighting through a fully connected
gating mechanism. High-level attention-refined features (512x8x8) are flattened into an 8,192-
dimensional vector and passed through two fully connected layers with Batch Normalization, ReLU,
and dropout for regularized classification learning. Finally, a softmax output layer predicts one of
five pain-intensity classes (0—4). The key novelty of this model lies in the integration of spatial and
channel attention within a compact CNN, the use of triple-pooling for enhanced global feature
modeling, and its ability to distinguish highly similar pain expressions even from low-resolution
facial frames, making it both efficient and highly discriminative

4.1. Overview of the Entire Methodology

The overall workflow of the proposed Dual-Attention CNN framework is depicted in Figure 4
and 5. The system has four main stages: data preprocessing and PSPI-based label consolidation, dual-
attention feature extraction using multi-head spatial and enhanced channel attention modules, model
regularization and calibrated optimization, and final cross-validated evaluation for statistical
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reliability. The input images ranging from rest to peak are first pre-processed and augmented to
ensure invariant response across all pain intensities. The pre-processed images are then passed
through the dual-attention backbone unit, wherein the multi-head spatial attention focuses on key
facial regions such as eyes, brows, and mouth and the enhanced channel attention highlights
discriminative intensity cues to those regions channel maps. The attention-refined embeddings are
then sent to convolutional and fully connected layers optimized using AdamW with label smoothing
(ct=0.1) to enhance convergence stability as well as predictive calibration. Dropout and weight-decay
regularization is integrated within the architecture to avoid overfitting, and the entire model is
evaluated using subject-wise stratified 5-fold cross-validation to guarantee robustness and
generalization. The results of each fold” statistical measures, such as accuracy, F1-score, Cohen’s ¥,
and AUC are then pooled together to evaluate model consistency. Using the aforementioned
integrated pipeline, we obtained a reproducible, interpretable, and clinically practicable pain-
intensity estimation for real-world medical settings.

PREPROCESSING PHASE MODEL PHASE POST-PROCESSING PHASE

R
Raw Bio Vid Database Input 44x84x2 @ T
-87 Subjects L [0.02,08,

-5840 Frames 0.07,0.10,
0.03]

[ —
3- 128 Filters ¥

Conv -ockf P loz.)ﬂbn
oy = [ L
(Datapr: v
~PSP1 - S Classes —I—
i > W=, =

256 - 512 Filters. Attention Evalution

v

=PSPI Lobels
{0-10 scale)

i

¥

~Contusion Matrix

~Fi-Score Q
Conv Block 4 Spatiol + Channe! =ROC/AuC
Subject-Level Splitting 512 - 812 Filtors. “. € Attention g
(Preprocess! e
~Troin: 72% v —————————

Flatten Explainabiity

8,192 Nourons ~GrodCAM

-Attention Maps

+ ~Error Analysis

ote ugrmenton 9837286 - 1285 + Dropout "—_. i

:Fllp (p=0.5) @ + lﬁ'ﬂ.ﬁ.""‘

Color Jitter Softmax Output ~Confidence
(= % e

Y
2
é
§
2
<<

-No Overlap

O

O
°
o
O

@

Figure 5. Comprehensive workflow of the proposed Dual-Attention CNN framework showing the
preprocessing, model, and postprocessing phases for automated facial pain-intensity recognition.

Figure 5 presents the complete workflow of the proposed Dual-Attention CNN framework,
which includes three main phases. In the preprocessing phase, raw BioVid images are labeled,
balanced, split by subjects, and augmented. The model phase processes 64x64 facial frames through
a series of convolutional blocks enhanced with spatial and channel attention, followed by fully
connected layers to classify pain intensity. The post-processing phase interprets the model’s
predictions through class selection, evaluation metrics, explainability tools such as GradCAM, and
clinical-level outputs including pain level, confidence, and alert triggering.

4.2. Dual-Attention Architecture

The proposed Dual-Attention Convolutional Neural Network (DA-CNN) extends a regular
CNN backbone with two complementary attention mechanisms designed to improve discriminative
power and interpretability. The architecture includes four convolutional blocks with 3x3 kernels,
ReLU, Batch Normalization, and Max Pooling, progressively extracting low- to high-level spatial
features. Two fully connected layers (256 and 128 units) with 0.5 dropout precede the final Softmax
classifier for five PSPI pain levels. Optimized via grid search, this design balances accuracy,
interpretability, and efficiency. The baseline CNN is enhanced with two attention modules: a Multi-
Head Spatial Attention block that highlights pain-relevant facial regions, and a Triple-Pooling
Channel Attention module using average, max, and standard-deviation pooling to capture subtle
intensity variations. These design choices enhance feature discrimination and calibration, ensuring
robust and clinically interpretable predictions across subjects.

Multi-Head Spatial Attention learns to automatically localize known pain-relevant facial
regions using learned inter-pixel correlation computation between multiple spatial heads in training.
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Triple pooling with ECA enhances channel attention recapturing necessary global information of
native multiscale intensity variations by incorporating global descriptive features. These mechanisms
in combination enable the network to attend to biologically plausible behaviors such as brow
lowering, eye tightening, or lip stretch and ignore irrelevant background features.The two modules
are sequentially aligned within the feature-extraction pipeline, immediately after the final
convolutional block of the backbone network. While the Spatial Attention creates a pixel-wise
weighting map that refines the localized feature map, the Channel-Attention block receives these
features to promote increased inter-feature dependencies. The output from the two modules,
attention-refined feature maps, is then fed into the classification head comprising global average
pooling, dropout, and fully connected layers. As a result, the hierarchical integration encourages the
model to focus on where the pain expresses and how intensely these regions contribute to the overall
expression. The complete flow of the proposed architecture, including convolutional backbone, dual
attention integration, and classification stages, is illustrated in Figure 4.

1. Multi-head Spatial Attention

The spatial-attention module applies multiple independent attention heads to the intermediate
feature map F € RE¥*W enabling the network to capture diverse spatial activation patterns across
facial regions. Each head learns a distinct weighting distribution A; € R?*W using a pair of
1 X 1convolutions followed by a sigmoid gating function.

Aj=0 (Convm (ReLU(Coan(F)))) M
The refined feature representation is computed as a weighted sum over K heads:
F' =3, 4,0F 2)

where © denotes element-wise multiplication. The use of multiple heads provides more
representational diversity and the network can attend to micro-regions jointly such as eyes, mouth
and cheek which have different motion patterns across pain levels. In practice, gave the best trade-
off between complexity and accuracy, increasing inter-class separability by 1.8% with respect to
single-head attention.

2. Enhanced Channel Attention with Triple Pooling

While spatial attention focuses on regional localization, channel attention re-weights the
importance of feature channels that encode varying intensity levels of facial muscle activation. To
strengthen the representation, a triple-pooling mechanism combining average, max, and standard-
deviation pooling is employed to aggregate global context across each channel.

z = [AvgPool(F"),MaxPool(F"),StdPool (F')] 3)

The concatenated descriptor zis passed through a two-layer excitation network with reduction
ratio r = 8.

s=o(W,6(W,2)) , F" =sQOF' 4)

Here, d and o denote the ReLU and sigmoid activations, respectively. The inclusion of standard-
deviation pooling captures intra-channel variability, allowing finer discrimination between adjacent
pain levels. Ablation results show that this third pooling branch improves Fl-score by 1.4% and
reduces ECE by 2.1%, confirming its benefit for generalization and calibration. The dual-attention
design jointly enhances spatial focus and channel-wise selectivity, generating attention-refined
embeddings that preserve clinical interpretability while reducing overfitting. This architecture
overcomes limitations of prior CNN-based pain models by emphasizing diagnostically relevant
regions, balancing feature importance across classes, and ensuring statistical reproducibility across
validation folds.

4.3. Regularization and Optimization Strategy

To ensure convergence stability, mitigate overfitting, and maintain calibrated confidence across
folds, the proposed Dual-Attention CNN employs a multi-component optimization framework
integrating AdamW, label smoothing, dropout, weight decay, and cosine-annealed learning-rate
scheduling. All experiments were executed in a deterministic PyTorch environment with fixed
random seeds (42, 123, 999) to guarantee reproducibility.

1. Optimization Function

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.2089.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 November 2025 d0i:10.20944/preprints202511.2089.v1

13 of 24

Model parameters 8 were optimized by AdamW, which decouples weight decay from the
gradient update to prevent the loss of adaptive learning dynamics inherent in standard Adam.
my = Bimy—y + (1 = B)ge, e = BaVe—q + (1 = B)gé, My = 1r_n—£§'

-~ Vt

Vt=@' 9t+1=9t—n%—7\9t )
where g,is the gradient at step t, nis the learning rate, and A2 =1 X 10"*is the weight-decay
coefficient. AdamW improved validation stability and reduced loss oscillation by = 18 % compared
to classical Adam in the same setup.

2. Label Smoothing Regularization

To prevent over-confident probability assignments, label smoothing with a = 0.1was integrated
into the cross-entropy loss. For a given input with true class y and predicted probability distribution
p, the smoothed objective can be expressed as a convex combination of the standard cross-entropy
and a uniform-distribution regularizer.

Lrs = (1= )Lee(p,y) + aEy[—log(p))] (6)
where Lcg(p,y) = —log (p,) denotes the standard cross-entropy loss and E, represents the
expectation under a uniform distribution u(i) = 1/Kover the K = 5 pain categories. this formulation
redistributes a small probability mass toward non-target classes, improving calibration, and reducing
the Expected Calibration Error (ECE) from 5.2 % to 3.1 %, as demonstrated by our experimental
results.

3. Dropout and regularization

Dropout was applied at the fully connected layers with a rate of 0.4 to prevent neuron co-
adaptation. Combined with weight decay, it regularized high-capacity convolutional filters, lowering
validation-loss variance by = 2.6 % across folds. The total loss function integrated both classification
and L2 regularization.

Leoear = Lzs +510]3 @)

4. Learning-rate scheduling

Training employed an initial learning rate ny = 1 x 1073, reduced through a cosine-annealing
schedule with a warm-up of 5 epochs:

Me = Nnin + 3 Mo = Nynin) (1 + cos 7) ®)
where Tis the total number of epochs (100) and 7, = 1 x 107¢. This gradual decay promoted
smooth convergence, avoiding premature minima and supporting consistent accuracy improvements
of = 1.7 % over a constant-rate baseline.

5. Training Protocol

All experiments were carried out using batch size of 32 for 100 epochs per fold according to the
subject-wise 5-fold cross-validation. This combination of AdamW optimization, label smoothing with
(a0 = 0.1), and the cosine learning-rate scheduling guarantees a very stable numerical flow during
training.

Training and Validation Loss Training and Validation Accuracy

—=— Training Loss gg == Training Accuracy
—a— \falidation Loss s falidation Accuracy
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Figure 6. Training and validation loss and accuracy curves of the proposed DA-CNN over 100 epochs.
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The training and validation curves in Figure 6. reveal smooth optimization behavior, with both
losses decreasing steadily and accuracies converging above 90%. The minimal gap between training
and validation trends validates the effectiveness of AdamW optimization and label smoothing in
achieving numerically stable and generalizable learning performance

5. Experimental Setup

All experiments were conducted in Python 3.13 using PyTorch 2.3 with CUDA 12.2 on an
NVIDIA RTX A6000 GPU (48 GB VRAM, 64 GB RAM). Random seeds were fixed at 42 across all
backends for full reproducibility. The DA-CNN was trained with batch size = 32, learning rate =
1x10-4, weight decay = 1x102, AdamW optimizer, label smoothing (a = 0.1), and cosine-annealing
scheduling for 100 epochs under 5-fold subject-wise cross-validation. The model’s dual attention—
multi-head spatial and triple-pooling channel—enhanced pain-specific localization and calibration,
validated through ablation gains in accuracy and F1-score. Data partitions, augmentations, and PSPI
mappings were held constant across folds for full replicability. The DA-CNN was benchmarked
against three baselines: PainXception, MicroPainNet, and a standard Xception-CNN to assess
generalization and calibration performance. Evaluation metrics included Accuracy, Precision, Recall,
F1-score, Cohen’s k, Correlation Coefficient (MCC), Area Under the Curve (AUC) (macro/micro), and
Expected Calibration Error (ECE), reported as mean + standard deviation across folds. ROC curves,
confusion matrices, and calibration plots validated statistical reliability. Grad-CAM visualizations
consistently activated over anatomically valid facial regions (brow, eye, mouth), confirming the
interpretability and clinical relevance of the learned attention maps. Collectively, the reproducible
training environment, deterministic computation, and validated interpretability support the DA-
CNN's reliability for automated pain assessment in clinical applications

5.1. Hyperparameter Optimization and Tuning Strategy

Hyperparameters were optimized via grid search on the validation subset of a 5-fold cross-
validation protocol. Tuned parameters included learning rate (le-3 to 1le-5), batch size (16 to 64),
dropout (0.3 to 0.6), and weight decay (le-3 to le-6). AdamW with cosine-annealing scheduling
provided the most stable convergence. Label smoothing (o = 0.1) and early stopping (patience = 15)
prevented overfitting. The final setup with batch size 32, learning rate le-4, dropout 0.5, and weight
decay le-4 achieved the highest validation accuracy and lowest calibration error.

6. Results

In this section, we subjected the proposed Dual- Attention Convolutional Neural Network (DA-
CNN) to a thorough evaluation and comparison with baseline architectures. Our analysis covers
quantitative performance, class-wise discrimination, calibration reliability, ablation studies, and
Grad-CAM interpretability. All results are validated using subject-wise 5-fold cross-validation and
an independent test set, providing stronger statistical significance than prior work. Overall, the
proposed Dual-Attention CNN outperforms existing models in accuracy, stability, and
interpretability, making it a strong candidate for robust real-world clinical facial-pain assessment.

6.1. Quantitative Performance Comparison with Baseline Models

We performed quantitative analysis to compare our proposed Facial Expression CNN with three
baseline architectures: PainXception, MicroPainNet and a traditional standard
SimpleCNN_Baseline. Performance comparison against the key evaluation metrics Accuracy,
Precision, Recall, F1-score, Cohen’s k, and AUC is provided in Table 2. The novel Facial Expression
CNN Proposed obtained the best average test accuracy (90.19 % + 0.94 %) compared to PainXception
(87.34 %), MicroPainNet (86.27 %) and the Simple CNN Baseline (84.56 %). It also recorded a superior
F1-score = 0.90, Cohen’s k = 0.876, and balanced precision-recall values (0.8995 / 0.8962), confirming
consistent inter-class performance. Moreover, our proposed model obtained macro and micro-AUCs
of 0.991 and 0.992, respectively, expressed strong ability to distinguish different pain levels. In
addition, performance efficiency was confirmed by 5-fold cross-validation, which showed an average
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validation accuracy of 83.60% + 1.55%, indicating strong generalization and low variance. Thus, the
results indicate that integrating multi-head spatial and triple-pooling channel attention can increase
the sensitivity of representation to local pain characteristics while ensuring calibration stability.

Table 2. Quantitative performance comparison among the proposed Facial_ExpressionCNN_Proposed and

baseline models.

Test F1- . Validation
Cohen’s Macro- Micro-
Model Name Accuracy Score « AUC AUC Accuracy
(%) (%) (%)
MicroPainNet 86.27 86.0  0.842 0.982 0.983  82.10+1.62
SimpleCNN_Baseline 84.56 84.1  0.829 0.981 0981  8142+1.74
PainXception 87.34 87.0  0.851 0.986 0.987  82.85+1.63
Facial_ExpressionCNN_Proposed 90.19 +
- - . .87 991 992 60+1.
(DA-CNN) 0.94 90.0 0.876 0.99 0.99 83.60+1.55

As shown in Table 2, the proposed Facial_ExpressionCNN_Proposed (DA-CNN) achieved the
highest overall test accuracy (90.19 + 0.94 %) and F1-score (90.0 %) among all models, outperforming
PainXception (87.34 %), MicroPainNet (86.27 %), and SimpleCNN_Baseline (84.56 %). It also attained
superior calibration and consistency, with Cohen’s k = 0.876, Macro-AUC = 0.991, and Micro-AUC =
0.992. The cross-validation accuracy (83.60 + 1.55 %) further confirms strong generalization and
statistical reliability across subject-wise folds.

6.1. Class-Wise Analysis and Confusion Matrix Interpretation

Predictions are located along the diagonal, suggesting robust discrimination among intensity
levels. Small areas of confusion are observed in between Mid Pain and Moderate Pain, which is
reasonable given the shared expression nuances. As verified by the normalized confusion matrix on
the right, levels of No Pain and Severe Pain exceed 90% accuracy, while intermediate classes maintain
stable recognition above 80%, indicating efficient intra-inter-class separability
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Figure7.  Confusion matrices (left: raw counts, right: normalized percentages) for the proposed Dual-
Attention CNN showing class-wise prediction performance across five pain categories (No Pain, Mid Pain,

Moderate Pain, Very Pain, Severe Pain).

Figure 7. presents the confusion matrices for the proposed Dual-Attention CNN model. The left
panel shows the raw count of correct and misclassified samples across five pain categories (No Pain,
Mid Pain, Moderate Pain, Very Pain, and Severe Pain), while the right panel displays the normalized
percentages for easier comparison. The model achieves high true-positive rates, particularly for No
Pain (96.7%) and Mid Pain (94.2%), indicating robust class discrimination. Slight confusion is
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observed between neighboring pain levels such as Moderate Pain and Very Pain, reflecting the
inherent visual similarity among adjacent intensity categories.
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Figure 8. Confusion matrices (left: raw counts, right: normalized percentages) for baseline CNN mapping,
showing predictions vs. truth class-wise over five pain classes (No Pain, Mid Pain, Moderate Pain, Severe Pain
and Very Pain).

As shown in Figure 8, the confusion matrices (left: raw counts, right: normalized percentages)
demonstrating class-wise prediction performance of the baseline CNN model across five pain
intensity labels (No Pain, Mid Pain, Moderate Pain, Severe Pain, Very Pain). Strongest classification
accuracies are achieved for No Pain (91.2 %) and Mid Pain (85.8 %), with noticeable confusion
between the classes Moderate Pain, Severe Pain and Very Pain indicating overlaying of visual
features within these categories.
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Figure 9. Confusion matrices of the SimpleCNN baseline model for raw counts (left) and normalized percentages
(right), showing classification results over five pain categories: No Pain, Mid Pain, Moderate Pain, Severe Pain,
and Very Pain.

As shown in Figure 9, the confusion matrices (left: raw counts, right: normalized percentages)
for the SimpleCNN model in classifying different pain intensity levels (No Pain, Mid Pain, Moderate
Pain, Severe Pain and Very Pain). Both No Pain (87.5%) and Severe Pain (89.9%) are classified with a
good accuracy, whereas for Mid Pain and Very Pain higher misclassification rates suggest more
ambiguous discriminations due to closely located pain categories.

6.1. ROC-A, Calibration, and Reliability Evaluation
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The proposed DA-CNN exhibits the high ability to discriminate different pain levels, with an
experiment result as shown in Figure 10 that yields macro-AUC = 0.991 and micro-AUC= 0.992 in
average over five pain levels. All class-specific curves stay well above the diagonal which ensures
high sensitivity, specificity and generalization. Model calibration was improved as well, with ECE
decreased from 5.2% to 3.1% by label smoothing (& = 0.1) and cosine learning-rate scheduling. The
achieved reliability curve lies well on the ideal diagonal showing well-calibrated confidence
estimates applicable in a clinical setting.
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Figure 10. Receiver Operating Characteristic (ROC) curves for all five pain categories using the proposed
Dual-Attention CNN (DA-CNN). The model achieves macro-AUC = 0.991 and micro-AUC = 0.992, confirming
excellent discriminative performance across pain intensities.

6.1. Ablation Studies on Attention, Augmentation, and Regularization Modules

Ablation analysis was performed using training validation splits and optimization
configurations, removing critical components comprising dual attention, augmentation strategies,
and label-smoothing regularization. Without the attention mechanism, recognition performance
notably decreased since the multi-head spatial attention attained 87.8% and channel-attention, triple-
pooling 87.3% independently, and the combination performed better at 88.9%, proving that spatial
and channel cues provided complementary discriminative signals for fine-tuned pain recognition.
Concerning the augmentation strategies, color-only augmentation behavior simultaneously had the
greatest relative accuracy and F1-scores, *90% and =90%, respectively, since moderate photometric
variation increased generalization with no semantic degradation of facial expression, while excessive
geometric augmentation hindered Fl-score to 82%; label smoothing degrading the Expected
Calibration Error (ECE) from 3.1% to 5.2%, demonstrating overconfident predictions, while label
smoothing (a = 0.1) abolished ECE irregularities and assured consistent and equitable reliability
across folds.

Table 3. Ablation study of the proposed DA-CNN framework evaluating the impact of attention, augmentation,
and label smoothing on overall performance.

F1-
Spatial Channel Data Label Accuracy Score ECE
Attn Attn Augment Smoothing (%) %) (%)
o

Configuration
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(Triple

Pooling)
Baseline CNN X X v X 84.6 84.1 5.8
+ Spatial Attn v X v X 87.8 87.0 5.3
+ Channel
Attn X N v X 87.3 86.5 5.4
+ Both Attn N v v X 88.9 88.1 4.7
+ Full DA-
CNN N v v v 90.2 90.0 3.1
(Proposed)

As shown in Table 3, the integration of both attention and regularization modules in a
progressive manner resulted in improved accuracy and calibration. The full Dual-Attention CNN
(DA-CNN) report the best results at 90.2% and 3.1% respectively in ECE, proving that the multi-head
spatial attention and the triple-pool channel attention complement one another to improve the
reliability of pain-intensity recognition.

100.0 Test Accuracy (%) by Augmentation Strategy 1000 Test F1-Score (%) by Augmentation Strategy
975 97.5
95.0 95.0 1
94.15 94.14
92.74 92.74
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Figure 11. Effect of different augmentation strategies on DA-CNN performance. “Color-only” augmentation
achieves optimal accuracy (94.15 %) and Fl-score (94.14 %), while extensive geometric transformations slightly
reduce calibration stability.

These findings validate our claim that the joint integration of dual-attention, color-based
augmentation, and label-smoothing regularization produces the most efficient and clinically
consistent performance for pain-intensity detection.

6.1. Visual Interpretability and Grad-Cam-Based Clinical Insights
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To validate model transparency and clinical reliability, Grad-CAM and saliency visualizations
were generated for the baseline and proposed architectures. These interpretability maps reveal how
each model focuses on facial regions linked to pain intensity estimation.

Original
True: MidPain
Pred: MidPain GradCAm Saliency Overlay
Conf: 0.75 Heatmap Wap (Focus Areas)
L
s
| IR
Original
True: NoPain
Pred: NoPain GradCAM Saliency Overlay
Conf: 0.81 Heatmap Map {Focus Areas)
e B
[ |
-

Figure 12. Grad-CAM and saliency visualizations from the proposed DA-CNN model showing attention on key
facial regions (mouth, eyes, forehead) relevant to pain cues, confirming clinically consistent and interpretable
focus areas.

These visualizations confirm that the DA-CNN model attends to semantically meaningful
regions aligned with known pain indicators. In mid pain cases, activations concentrate near the lower
facial muscles, whereas in no-pain states, attention shifts toward neutral forehead and eye areas,
reflecting strong interpretability and alignment with clinical facial-action patterns.

Qriginal
True: MidPain

Pred: MidPain GradCAM Saliency Overlay
Cont: .35 Heatmap Wap (Focus Arcas)
[ ]
L 2
ariginal
True: NoPain
Pred: NoPain GradCam Saliency Overlay
Cont: 0.71 Heatmap Wap (Forus Areas)

Figure 13. Grad-CAM and saliency maps for the PainXception model illustrating the original image, heatmap,
saliency map, and overlay identifying important facial regions contributing to MidPain and NoPain predictions.
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Figure 13 illustrates the PainXception model with distributed and less focused activations on the
facial regions as visualized by Grad-CAM, and saliency maps. Being predefined broad facial areas,
it lacks clear localisation on specific pain related muscles such as around mouth or eyes. This diffused
attention leads to weaker interpretability and reduced physiological conformance. On the contrary,
our proposed DA-CNN (see Figure 11) generates more focused activation around the clinically
important facial regions, which demonstrates that it better captures subtle facial cues relating to pain
indication.

6.1. Statistical Validation and Confidence Interval Analysis

To guarantee the statistical soundness of the proposed DA-CNN framework, all reported results
were obtained using subject-wise 5-fold cross-validation and expressed as mean + standard
deviation, as illustrated in Figure 14. The narrow variance across folds (for example, Accuracy = 83.60
+ 1.55 %, Fl-score = 83.48 + 1.40 %, and Cohen’s k = 0.79 + 0.02) indicates stable generalization and
minimal overfitting. The 95 % confidence interval (CI) for model accuracy was estimated using the t-
distribution:

— N
Clos\g, = X £ to975n-1 N 9)
yielding a CI range of [82.02 %, 85.18 %], confirming consistent model behavior across
independent partitions. In addition, paired t-tests between DA-CNN and baseline models revealed

statistically significant improvements (p < 0.01) for both accuracy and F1-score, validating that the
observed gains are not due to random variation.
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Figure 14. Cross-validation results of the proposed DA-CNN model showing mean accuracy, precision, recall,
F1-score, Cohen’s kappa and MCC for each fold.

As shown in Figure 14, the DA-CNN model maintains high consistency and reliability across
subject-wise folds, with mean accuracy of 83.60 + 1.38 % and F1-score of 83.48 + 1.40 %. The narrow
standard deviations and stable kappa (0.79 + 0.02) indicate low inter-fold variance, confirming strong
reproducibility and statistical robustness of the proposed method.

6.1. Comparative Discussion with State-of-the-Art Methods

The hyperparameter configuration was optimized through a grid-search strategy using the
validation subset of the five-fold cross-validation protocol. Our proposed Dual-Attention
Convolutional Neural Network results in a significant enhancement for classification overall

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.2089.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 November 2025 d0i:10.20944/preprints202511.2089.v1

21 of 24

accuracy, reliability, and interpretability compared to existing pain recognition frameworks. As
illustrated Table 4, DA-CNN consistently outperforms state-of-the-art models, namely
MicroPainNet, PainXception, and the Xception-CNN. The method achieves an overall accuracy of
90.19 % + 0.94 %, F1-score of 0.90, and AUC = 0.992. This corresponds to an increase of 2-3 % across
the board vs competing methodologies, validating the benefits of dual-attention consolidation and
calibrated learning. Unlike the single-stream CNNs designed to focus on spatial features, DA-CNN
combines multiple- head spatial attention and triple-pooling channel attention to selectively focus on
various facial regions associated with pain expression. The dual pathway enables the network to
capture the interdependent spatial-spectral dependencies while suppressing the irrelevant
background variations, hence improving feature discrimination and generalization. Moreover, the
model demonstrates superior calibration of Expected Calibration Error (ECE) as 3.1 %, indicating that
the model confidence is well-calibrated to the ground truth accuracy, critical for the application in
the medical sector. Grad-CAM visualizations also show that the activation areas of the DA-CNN
model are concentration of pain-related muscular contraction, which is physiologically plausible and
differs from the previous methods which show spatially spread-out responses. Statistically, DA-CNN
achieves low inter-fold points (1.6 % on 5-Fold subject-wise test) in cross-validation which remains
just below the current available techniques with excellent generalization ability over unseen persons.
In this way, the high consistence rate, legible attention mechanism and accurate calibration make DA-
CNN an advanced framework for the purpose of pain assessment in real world.

Table 4. Comparative Performance with State-of-the-Art Methods.

Model Attention Data ‘ Aoccuracy Fol—Score AUC ECE (%)
Type Augmentation (%) (%)

Baseline CNN None v 84.6 84.1 0.962 58

MicroPainNet gg;mel v 86.3 86.0 0.973 5.2
Spatial

PainXception (Head- v 87.3 87.0 0.978 4.6
wise)
Dual

EJ?_CI\;I;) (Spatial + V 90.2+0.94  90.0 0.992 3.1

°opo Channel)

The experimental results are systematically summarized across Tables 2 and 4 and the
accompanying performance graphs, each emphasizing a distinct analytical aspect of the proposed
framework. Table 2 presents the quantitative performance comparison among baseline and proposed
models, showing that the proposed DA-CNN achieves the highest test accuracy (90.19 + 0.94 %), F1-
score (90.0 %), and superior calibration reliability (Cohen’s « = 0.876, Macro-AUC = 0.991, Micro-AUC
= 0.992). Table 3 summarizes the ablation study, confirming that progressively integrating spatial
and channel attention with data augmentation and label-smoothing leads to optimal calibration (ECE
=3.1 %) and peak accuracy (90.2 %). Table 4 compares DA-CNN with state-of-the-art architectures
(MicroPainNet, PainXception, and the Baseline CNN), demonstrating consistent improvements of 2—-
4 % in accuracy, interpretability, and calibration robustness. Finally, the cross-validation results
illustrated in the corresponding performance plots verify the statistical stability (o = 1.6 %) and
reproducibility of the model across subject-wise folds. Overall, the results collectively validate the
technical soundness, generalization capability, and clinical applicability of the proposed Dual-
Attention CNN for reliable pain-intensity assessment.

7. Limitations and Future Work

However, this DA-CNN has various limitations. Among them are (1) a small database and (2) a
low level of demographic diversity similarly affects the ability to generalize the results obtained to
other populations, although the overall performance in terms of accuracy and reliability of calibration
was excellent. In addition, the model architecture utility is limited to static facial expression indicators
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and cannot track the temporal dynamics of facial expressions with micro-expressions required for
real-time pain assessment. The result could also be different due to the uncontrolled natural
environmental conditions, such as heterogeneity of lighting or camera conditions from laboratory
conditions. Future work will extend this model architecture to hybrid CNN-Transformer models to
better capture long-range spatiotemporal dependencies, and prepare model inputs using domain
adaptation and self-supervised pretraining for improved generalizability. Additionally, future work
will combine multi-modal signals such as physiological data and context-aware information to create
clinically realistic testing conditions. For deployment, future work will focus on enabling lightweight
inference, ensuring fairness, continual calibration, and adherence to medical privacy standards to
guarantee safe, interpretable, and ethically responsible clinical implementation.

8. Conclusions

In conclusion, this work describes the proposed Dual-Attention CNN framework, which
presents an attention-driven, interpretable and reproducible approach for automated recognition of
facial pains, using DA-CNN integrated multi-head spatial and triple-pooling channel attention to
enhance feature fine-grained discrimination and calibration. The above clinically annotated testing
of dataset experiments indicates the model’s performance over baseline models, which guarantees
90.19 % + 0.94 % accuracy, F1=0.90, and x = 0.876, demonstrating precision and robustness approved
under subject-wise stratified assessment. It generates Grad-CAM heatmap for the model also
confirming the physiologically feasible activation of different pain-related facial areas and ensuring
clinical transparency of the trained networks. Core contributions include attention-driven feature
extraction pipeline, a fully reproducible evaluation with fixed random seeds and confidence-interval
reporting, and optimized calibration with AdamW and label smoothing. In combination, these
advancements pave the way to scale for Al-assisted pain monitoring reliably and ethically in a clinical
setting. Future work would investigate multimodal integration with spatiotemporal transformer
learning-based recognition of physiological and contextual factors and a clinical deployment of on-
device technology for further personalized real-time medication.
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