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Abstract

Posture recognition is critical in modern educational and office environments for preventing
musculoskeletal disorders and maintaining cognitive performance. Existing methods based
on human keypoint detection typically rely on convolutional neural networks (CNNs) and
single-scale features, which limit representation capacity and suffer from overfitting under
small-sample conditions. To address these issues, we propose MSBN-SPose, a Multi-Scale
Bayesian Neuro-Symbolic Posture Recognition framework that integrates geometric fea-
tures at multiple levels—including global body structure, local regions, facial landmarks,
distances, and angles—extracted from OpenPose keypoints. These features are processed
by a multi-branch Bayesian neural architecture that models epistemic uncertainty, enabling
improved generalization and robustness. Furthermore, a lightweight neuro-symbolic
reasoning module incorporates human-understandable rules into the inference process, en-
hancing transparency and interpretability. To support real-world evaluation, we construct
the USSP dataset, a diverse, classroom-representative collection of student postures under
varying conditions. Experimental results show that MSBN-SPose achieves 96.01% accuracy
on USSP, outperforming baseline and traditional methods under data-limited scenarios.

Keywords: posture recognition; convolutional neural network (CNN); multi-scale; bayesian
neural network (BNN); hierarchical neuro-symbolic method

1. Introduction

University students often spend prolonged periods in fixed seating environments
such as classrooms, libraries, or dormitories for academic activities [1,2]. Studies have
shown that poor sitting posture over extended durations can lead to musculoskeletal issues,
including cervical and lumbar pain, as well as negatively impact cognitive functions such
as attention and learning efficiency [3]. Therefore, the effective recognition, monitoring,
and correction of improper sitting postures are essential for promoting students’ physical
health and academic performance [4].

Traditional approaches to posture monitoring rely on wearable sensors—such as iner-
tial measurement units (IMUs) or pressure mats—that offer high precision under controlled
conditions [5]. However, these devices are often intrusive, costly, and impractical for
long-term use in real-world educational environments. User discomfort, privacy concerns,
and sensor misalignment further limit their scalability in multi-user settings like class-
rooms [6]. As a result, vision-based methods have emerged as a promising alternative,
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leveraging pose estimation models like OpenPose to extract skeletal keypoints without
physical contact [7-9].

Despite their non-intrusive nature, current vision-based posture recognition systems
face three critical challenges. First, they typically require large labeled datasets for training,
making them prone to overfitting in low-data regimes—an issue exacerbated in educational
settings due to privacy constraints and diverse subject populations [10]. Second, most deep
learning models operate as “black boxes,” offering little interpretability, which undermines
user trust and hinders adoption in health-sensitive applications [11,12]. Third, existing
public datasets for sitting posture analysis are limited in scope: they often lack sufficient
postural diversity, environmental variability (e.g., lighting, occlusion by tables and chairs),
or realistic classroom dynamics [13], thereby impairing the generalizability of trained
models to real-world scenarios.

These limitations underscore the critical need for models that are not only robust to
data scarcity and environmental noise but also provide transparent decision-making. To
address the first two challenges, particularly the need for robustness under uncertainty,
Bayesian Neural Networks (BNNs) offer a principled solution. Unlike conventional deep
learning models that learn fixed weights, BNNs model a distribution over weights, enabling
them to quantify uncertainty in their predictions [14,15]. This framework allows for a crucial
distinction between epistemic uncertainty, arising from model ignorance due to limited
data, and aleatoric uncertainty stemming from inherent noise in the input data, such as
occlusions or poor lighting. This capability is particularly advantageous for vision-based
posture recognition, where such noise is commonplace, as it allows the model to express
calibrated confidence in its predictions. The efficacy of BNNs in enhancing robustness has
been demonstrated in health-related domains, where uncertainty-aware models outperform
their deterministic counterparts [16,17]. However, while BNNs provide a vital mechanism
for assessing model confidence, they fall short in delivering the kind of interpretability
required for trustworthy Al. A confidence score, no matter how well calibrated, remains
an abstract metric. It tells us how certain the model is, but not why it is certain. This
gap between “quantified uncertainty” and “actionable explanation” is a significant barrier
to user trust and system transparency. To bridge this gap, we turn to neuro-symbolic
integration. The core idea is to complement the data-driven, probabilistic reasoning of
BNNs with explicit, rule-based symbolic reasoning. Symbolic rules, such as “if the head
is significantly below the shoulders, then the posture is ‘"Head-down’”, provide a human-
readable, logical explanation for a prediction. This approach directly addresses the “why”
question, transforming opaque confidence scores into transparent, justifiable decisions.

To address these limitations, we introduce USSP, a new University Student Sitting
Posture dataset collected in authentic academic environments. To our knowledge, USSP
is the first dataset to systematically capture the diverse sitting behaviors of university
students in real classrooms and libraries under a wide range of challenging conditions. It
captures four representative seated postures (upright, standing, head-down, and hand-
on-face) under diverse conditions, including varying lighting, camera angles, occlusions,
and subject characteristics. Based on this dataset, we propose MSBN-SPose, a Multi-
Scale Bayesian Neural Network with Symbolic Pose reasoning, designed for accurate and
interpretable posture classification under limited supervision. Our framework is built upon
a tight integration of neural and symbolic reasoning. It first employs a Multi-Scale Bayesian
Neural Network to process diverse geometric features through dedicated branches, each of
which outputs a prediction along with its epistemic uncertainty. These predictions are then
fused via an uncertainty-weighted mechanism to produce a robust neural output. Crucially,
this robust neural output is not the final decision. Instead, it is actively fused with the output
of a Symbolic Reasoning Module that applies domain-specific rules (e.g., “head below
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shoulder level” implies slouching) [18]. This neuro-symbolic integration enables the model
to leverage human-understandable priors as soft constraints during inference, thereby
enhancing both robustness and explainability. By synergistically combining Bayesian
uncertainty modeling with symbolic logic, MSBN-SPose achieves high performance even
in small-sample settings while generating transparent, justifiable predictions.

Our key contributions are threefold:

e We present USSP, a novel, real-world sitting posture dataset that fills a critical
gap in existing benchmarks by capturing diverse postural behaviors in natural
educational settings.

e We propose MSBN-SPose, a hybrid neuro-symbolic framework that enhances model
interpretability and generalization through rule-guided reasoning and epistemic un-
certainty estimation.

*  We conduct extensive experiments demonstrating that MSBN-SPose consistently out-
performs baseline methods under both the USSP dataset and few-shot conditions. In
addition to strong predictive performance, the model generates symbolic, interpretable
outputs that align with its confidence estimates, supporting both transparency and
reliability in low-resource scenarios.

Section 2 reviews related work on posture datasets, pose classification, Bayesian
uncertainty modeling, and neuro-symbolic systems. Section 3 introduces the USSP dataset,
detailing participants, environments, devices, collection protocol, and annotation. In
Section 4, we present the MSBN-SPose framework, including keypoint features, multi-
scale Bayesian processing, the symbolic reasoning module, and neural-symbolic decision
fusion; The experimental results and ablation studies are presented in Section 5. Finally,
the conclusion and future work are outlined in Section 6.

2. Related Work

This section introduces related research in four aspects: dataset challenges in sitting
posture recognition, pose classification techniques, uncertainty modeling with Bayesian
Neural Networks, and neuro-symbolic systems for interpretable reasoning.

2.1. Dataset Challenges in Posture Recognition

The study of robust sitting posture recognition models is fundamentally constrained
by the lack of domain-specific datasets that reflect real-world complexity. While large-scale
pose estimation datasets such as COCO and MPII [19,20] exist, they are not tailored for
sitting posture analysis. Current posture-related datasets, such as those by Hwang et al.
and Ding et al. [13], are often constrained in scale, diversity, and contextual realism. They
tend to concentrate on a limited range of postures, typically recorded in controlled settings
with restricted camera angles and partial body visibility.

Crucially, many of these datasets overlook key sources of variability, including user
demographics, occlusions caused by classroom furniture, and variations in lighting or cam-
era viewpoints. This limits feature representation and impairs generalization in dynamic,
multi-subject settings like university classrooms. To address these limitations, we construct
the USSP dataset.

2.2. Pose Classification Methods

The emergence of real-time pose estimation tools such as OpenPose [21] has made it
possible to extract structured 2D skeletal data from video streams. Many studies have built
classification models upon this foundation—for instance, using support vector machines
(SVM) or random forests to discriminate joint angles and distance features [22]; others have
adopted CNN to learn spatial patterns from keypoint heatmaps directly [23] or utilized
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graph convolutional networks (GCNs) to model topological relationships among joints [24].
Although these methods perform well on large-scale datasets, they commonly suffer from
two limitations: first, heavy reliance on large amounts of labeled data, making them prone
to overfitting in few-shot scenarios; second, lack of transparency in the decision-making
process, making them difficult to interpret why a particular posture is classified as “poor.”

Moreover, most existing methods employ single-scale feature modeling, neglecting
the multi-scale nature of sitting posture differences—both local (e.g., hand movements)
and global (e.g., spinal alignment). While multi-scale networks such as HRNet [25,26]
have achieved success in pose estimation, systematic exploration of effective multi-scale
structural information fusion remains lacking in sitting posture classification tasks.

In this work, we extend the standard 17 COCO-format keypoints to 18 dimensions
by introducing the “neck” point as the midpoint between the left and right shoulders and
further divide the body into three sub-regions: upper body, lower body, and face, enabling
multi-scale geometric feature extraction. Additionally, prior knowledge in the form of
symbolic rules is incorporated to enhance semantic understanding, compensating for the
limitations of purely data-driven models in handling ambiguous or boundary cases.

2.3. Uncertainty Modeling with Bayesian Neural Networks

While deep neural networks have achieved strong performance in posture recognition
tasks, they tend to suffer from overconfident predictions and poor generalization, par-
ticularly under small-sample or ambiguous conditions [15]. To improve robustness and
model reliability, Bayesian modeling approaches have been widely explored to estimate
uncertainty by capturing distributions over parameters or predictions.

Classical Bayesian Neural Networks (BNNs) utilize techniques such as Variational
Inference (VI) [27] or Monte Carlo (MC) Dropout [14] to approximate posterior distributions
of weights. These approaches have been effectively applied to domains such as medical
imaging [28] and autonomous driving [29]. More recent studies also investigate Bayesian
modeling in human behavior recognition. For instance, Wang et al. [30] proposed a Bayesian
LSTM-based classifier for action recognition under limited data settings, and Chen et al. [31]
introduced Bayesian fully connected layers in gait classification to reduce the impact of
imbalanced datasets. However, these approaches predominantly focus on end-to-end
deep neural models, where uncertainty is estimated at a global or sequence level, often
lacking the ability to model uncertainty in a structured, fine-grained manner across different
body regions.

Different from traditional BNNs that embed uncertainty across an entire end-to-end
sequence model, our method introduces a modular Bayesian Neural Network design
tailored for posture recognition. Specifically, we construct a Multi-Scale Bayesian Neural
Network (MSBN) where each semantic scale—such as whole body, upper body, lower body,
and facial keypoints—is processed independently using Bayesian fully connected layers.
These scale-specific outputs are fused using a confidence-aware fusion mechanism. Instead
of modeling posterior distributions globally, our architecture captures localized uncertainty
at multiple semantic levels.

2.4. Neuro-Symbolic Systems

Despite the great success of deep learning in perception tasks, its “black-box” nature
limits its applicability in high-trust scenarios such as educational monitoring and health
intervention. To address this, neuro-symbolic systems aim to integrate the data-driven
capabilities of neural networks with the logical reasoning strengths of symbolic systems,
enabling interpretable and verifiable intelligent decision-making [32].
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Early works such as Neural Logic Networks [33] and Logic Tensor Networks [34] ex-
plored ways to combine symbolic rules with neural computation. In recent years, NS-IL [35]
has achieved perception-reasoning coordination in visual question answering tasks. In the
field of human behavior understanding, some studies have attempted to embed spatio-
temporal logic rules into action recognition pipelines [36] or leverage symbolic knowledge
to guide anomaly detection [37].

However, most neuro-symbolic methods rely on complex formal languages (e.g.,
first-order logic), making them difficult to adapt to lightweight application scenarios.
Moreover, the fusion mechanisms between rules and neural outputs are often limited to
late-stage weighting or constraint optimization, lacking end-to-end differentiability and
real-time adaptability.

In this paper, we introduce a lightweight hierarchical neuro-symbolic module that
constructs a symbolic classifier based on ergonomic common sense, using geometric rules
such as “nose below shoulders” to indicate head-down posture or “hand-to-head distance
below a threshold” to indicate hand-on-chin posture. The output of this classifier is
represented as a one-hot vector and fused with the neural network’s prediction to form a
joint decision. This mechanism provides semantic guidance during training by integrating
domain knowledge through symbolic rules, without requiring backpropagation through
the rule parameters. This makes it particularly suitable for sitting posture recognition tasks
where labeled data are scarce and high-confidence interpretable decisions are required.

3. University Student Sitting Posture Dataset

To address problems caused by insufficient data, we constructed a new sitting posture
dataset named USSP. This dataset is specifically designed to reflect the diversity of postures,
environmental variations, individual differences, and camera configurations encountered
in natural academic environments such as classrooms, study rooms, and dormitories, where
desks and chairs often partially occlude the lower body, especially the legs and hips. Unlike
existing public posture datasets that frequently focus on controlled laboratory settings or
generic human actions, USSP emphasizes ecological validity, capturing data under realistic
conditions with minimal constraints on participants” behavior.

The dataset was collected through a structured protocol that ensures balanced sam-
pling across key demographic, environmental, and technical factors [38]. Below, we detail
the data collection design, annotation process, and quality assurance measures.

3.1. Participant Recruitment and Demographic Diversity

A total of 50 university students (25 male, 25 female), aged between 18 and 25 years,
participated in the study. All participants were free of musculoskeletal disorders that could
affect sitting posture. The recruitment strategy ensured diversity in body shape, clothing
style, and habitual sitting behaviors, as shown in Table 1.

Table 1. Classification and Sample Size of Data Collection Participants.

Category Sub-Factors Sample Size
Gender Male, Female 25 females, 25 males
Body Shape Slim, Average, Slightly Overweight 8 per category
Clothing Tight-fitting clothes, Loose clothes, Hat, Coat Atleast 10 participants per
condition
Individual Sitting Habitual sitting posture 8 per categor
Posture Differences (e.g., slouching, upright) P sory

Participants were instructed to wear their daily clothing and assume both standard
and self-selected sitting postures, enabling the capture of natural behavioral variability.
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3.2. Environmental and Contextual Variability

To enhance model robustness under real-world perturbations, we systematically
varied four environmental factors [39], as shown in Table 2.

Table 2. Diversity of Environmental Conditions in Data Collection.

Factor Scenario Images per Condition
Hard chair, soft chair, chair with backrest, chair
Seat Type without backrest 1000
. Low desk (classroom), medium desk (study room),
Desk Height high desk (laboratory) 1000
Lighting Conditions Daylight, indoor lighting, low light, backlight 1000
Background Complexity Clean background, regular indoor, 1000

crowded background

3.3. Camera Viewpoint and Device Diversity

To evaluate viewpoint invariance, data were captured from six camera angles [40], as
shown in Table 3.

Table 3. Data Collection from Various Camera Angles.

Angle Description Images per Angle
Front View The subject faces the camera directly 1000
Left 45° Slightly side-facing from the left 1000
Right 45° Slightly side-facing from the right 1000
Full Side View 90° profile view from the side 1000

Data were collected using two types of devices to simulate real-world deployment
scenarios, as shown in Table 4.

Table 4. Device Types Used for Data Collection and Their Applications.

Device Type Device Examples Usage Description

Flexible and mobile; suitable for diverse environments such as
classrooms and study rooms

Suitable for fixed-position recording to ensure stable and
continuous posture tracking

Smartphone iPhone, Android

Computer Webcam  Built-in or external

3.4. Data Collection Protocol

Instead of manual photo capture, we adopted a video-based frame extraction strategy
to improve data efficiency and temporal consistency [41-43]. Each participant was asked to
hold four canonical sitting postures for approximately 10 s per trial:

e Upright: Spine straight, head aligned with shoulders;
e HeadDown: Head tilted forward, nose below shoulder line;
¢ HandOnChin: One hand supporting chin or head;
e  Standing: Standing upright.

With a recording rate of 30 frames per second (FPS), each 10 s clip yielded approx-
imately 300 frames. Across multiple trials and conditions, over 1000 valid frames were
collected per participant within 3-5 min.

3.5. Data Annotation and Quality Control

The raw dataset underwent a two-stage annotation and cleaning pipeline:
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(1) Automated Keypoint Extraction: We used OpenPose (https://github.com/CMU-
Perceptual-Computing-Lab/openpose accessed 16 August 2025) to extract 18 COCO-
format 2D keypoints (including interpolated neck point) for each frame. Frames
with missing or severely occluded keypoints (e.g., >4 joints undetected) were
automatically discarded.

(2) Manual labeling and verification: All retained frames were manually classified into
four types of sitting postures; the classification was performed uniformly based on
visual interpretation and geometric thresholds (if the vertical distance between the
nose tip and the acromion is >15% of the torso length, it is judged as bowing the head).

4. Method

We propose MSBN-SPose, a multi-scale Bayesian neuro-symbolic framework for accu-
rate and interpretable sitting posture recognition. As illustrated in Figure 1, the framework
consists of four main components: (1) Keypoints Feature Extraction, which extracts raw 2D
human pose keypoints; (2) Multi-Scale Bayesian Feature Extraction and Processing Module,
which decomposes the pose into multiple complementary representations and processes
them using Bayesian Neural Networks for uncertainty-aware feature encoding; (3) Sym-
bolic Reasoning Module, which applies interpretable geometric rules on keypoint features
to derive high-level posture semantics, enabling transparent and human-understandable
decision-making; and (4) Decision Fusion with Neural-Symbolic Integration, which com-
bines the probabilistic neural outputs with symbolic predictions through a confidence-
aware fusion mechanism, yielding robust and trustworthy final decisions under uncertain
or data-sparse conditions.

The overall pipeline is structured to leverage both data-driven perception and
knowledge-infused reasoning, enabling the model to achieve high accuracy while main-
taining transparency in decision-making. Below, we detail each component of the
framework, in Figure 1.

Multi Scale Bayesian Feature Extraction Fusion Weight
Purple: Global branch

Blue: Upper body branch ——>-—>[ Local Feature Encoder

Red: Face branch

. Angles Geometric Relationship Encoder

Yellow: Lower body branch

Orange: Distances branch ——»lﬂl—» Geometric Relationship Encoder

Pale Turquoise: Angles branch - Local Feature Encoder

- Lower body Local Feature Encoder
IR Nprrrer—s

KeR®™? Symbolic Reasioning Module
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3
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2
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<
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Figure 1. MSBN-SPose overall pipeline. Normalized keypoints K feed six Bayesian branches
(GFE/LFE/GRFE) whose per-branch Bayesian heads are fused by uncertainty weighting to pro-
duce z;; in parallel, geometric primitives drive symbolic rules to produce z;. Late fusion
z = w1z, + (1 — at)zs (inset: linear a schedule) yields final probabilities for four posture classes.

4.1. Keypoints Feature Extraction

The first stage of our framework involves extracting raw 2D human pose keypoints
from input images. We utilize OpenPose to detect 18 key points, which are subsequently
normalized by centering at the pelvis joint and scaling by torso length to ensure scale
invariance. This step produces a keypoint coordinate matrix X € RN*2, where N = 18.
The extracted keypoints serve as the foundation for subsequent feature engineering. As
shown in Figure 2.
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Figure 2. OpenPose 18 Keypoints—Human Body.

To create a comprehensive representation, we compute additional geometric features:

(1) Pairwise Euclidean distances between all pairs of keypoints.
(2) Joint angles formed by three consecutive keypoints.

These features are concatenated with the raw keypoint coordinates to form a rich,
multi-dimensional feature vector F € RP, where D is the total dimensionality. This
vector serves as the input for the subsequent processing in our framework. It is used
simultaneously by both the multi-scale Bayesian feature extraction and processing module
and the symbolic reasoning module.

4.2. Multi-Scale Bayesian Feature Extraction and Processing Module
4.2.1. Multi-Scale Feature Extraction

To robustly characterize sitting postures under diverse conditions, we propose a multi-
branch, multi-scale feature extraction strategy. Specifically, we extract and encode (1) global
coordinate features capturing holistic body layout, (2) local region features emphasizing
part-level dynamics, and (3) geometric relationship feature modeling relative to spatial
configuration. Each pathway is processed through a dedicated neural module to produce
semantically rich embeddings for subsequent Bayesian fusion.

(1) Global Coordinate Features

We begin with the full set of 18 keypoints:

K= {(xi,y)}, (1)

which are flattened into a 36-dimensional vector:

Fran = [X0, Y0, X1, Y1, - - -, X17,y17] € R )

This representation captures absolute positional information of the full body, provid-
ing strong priors for global postural distinctions such as “leaning”, “upright”, or “stand-
ing”. To extract high-level semantics, Fgy) is passed through a Global Feature Encoder
(GFE) comprising 1D convolutional layers. This yields a global embedding hgjopar € R>12,
which encodes full-body semantics invariant to translation and scale. Figure 3 illustrates
the GFE architecture.
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Conv1D (128 —256)
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!
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256 — 256

!

Output: 512d

Figure 3. Global Feature Encoding (GFE) Architecture.

(2) Local Region Features

To capture part-specific dynamics of human posture, we divide the body keypoints
into three anatomically motivated regions:

Kup = {1/ 2/ 3/ 4/ 5/ 6/ 7} (Upper bOdy)
Kgown = {8,9,10,11,12,13}  (Lower body) 3)
Kface = {0,14,15,16,17} (Facial region)

Each group is encoded into a region-specific coordinate vector:
Fup € R™,  Fyoun € R, Fpee € R 4)

To extract local spatial features, each regional vector is passed through a dedicated
Local Feature Encoder (LFE) composed of a 1D convolutional layer and a lightweight MLP:

e  ConvlD (GCj,, 384, kernel_size = 3) — BatchNorm — ReLU;
e  MLP: 384 — 140 (with dropout p = 0.1).

We apply 1D convolutions across the joint coordinate sequence within each region to
capture localized spatial dependencies. For example, the upper body vector Fyp encodes
the (x, y) coordinates of 7 joints and is processed using a kernel size of 3, enabling the model
to capture joint-to-joint interactions such as shoulder—elbow-wrist configurations. This op-
eration supports learning of fine-grained posture cues with a small number of parameters.

Figure 4 visualizes this process for the upper-body region. The top row shows the
selected joints and their encoded input features. The 1D convolution in the bottom left
captures local spatial relationships, producing multi-channel output maps (bottom right)
that feed into the downstream MLP.
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(a) Human Body Keypoints Distribution (b) Feature Vector Representation (14D)
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Figure 4. Local feature extraction via 1D convolution for upper body keypoints. (a) Spatial layout of
seven upper-body joints. (b) Corresponding 14-dimensional input feature vector. (¢) One-dimansional
convolution with kernel size k = 3 along the ordered keypoint sequence. (d) Example output feature
maps from multiple channels, capturing localized spatial patterns.

The architectural details of the LFE module are illustrated in Figure 5. The 14D input
is convolved using a kernel of size 3 to produce 384 output channels, yielding a total of
14 x 3 x 384 = 16,128 learnable parameters. This design balances expressiveness and
efficiency, allowing the model to represent complex posture patterns without excessive
computational cost.

Input Features (14D)

X1 yl x2 y2 x3 ¥3 x4 v4 X5 ys x7

|

7 ‘

1D Convolution Kernel (Size=3)
ConvlD Parameters:
+ Input Channels: 14
+ Output Channels: 384
+ Kernel Size: 3
| + Parameters: 14x3x384 = 16,128

Output Channels (384D)

a a a ca s 43

n‘u‘ulnﬂ

Figure 5. Architecture of the 1D convolution layer in the Local Feature Encoding (LFE) module.
A 14D input vector is convolved using a kernel of size 3 to generate 384 output channels. The
structure enables modeling of spatially correlated joint movements with 14 x 3 x 384 = 16,128
learnable parameters.

(38) Geometric Relationship Features

To model the relative spatial configurations of the human body, which are crucial
for robust posture recognition, we compute a set of invariant geometric features. These
features are derived from the raw keypoint coordinates and include pairwise Euclidean
distances and joint angles between selected anatomical landmarks:

dij = /(5= )2 + (v — ) ©)
Tij - Ujk

1531] - 1Tl

(6)

Bijk =cos~!
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where ¥;; = (x; — x;,y; — ;) represents the vector from joint i to joint ;.
The resulting geometric feature vector is
M
Fgeo = [dijl Gijkl .- ] eR (7)

where M is the total number of computed distances and angles.

These geometric features offer significant advantages over raw coordinates. They are
inherently translation and scale invariant, making them robust to variations in camera
distance and field of view. More critically, they are highly effective in scenarios involving
occlusion. For instance, in our dataset, a student’s lower body is often partially or fully
obscured by a desk. In such cases, the absolute coordinates of the occluded keypoints
become unreliable or entirely unavailable, which can severely degrade the performance of
models relying solely on global or regional coordinate features.

In contrast, geometric features derived from the visible upper body and facial regions
(e.g., the distance between the hand and the head, or the angle of the neck) remain intact
and highly informative. This allows the model to maintain high accuracy even when a
significant portion of the body is not visible.

To process Fgeo, we employ a dedicated Geometric Relationship Feature Encoder
(GRFE), which shares the same architecture as the Local Feature Encoder (LFE) used
for regional features. The GRFE processes the geometric feature vector through a 1D
convolutional network, extracting high-level spatial patterns and projecting them into a
compact 140-dimensional embedding space:

hgeo = GRFE(Fgeo) € R (8)

This design ensures that the model can learn robust representations of joint relation-
ships, which are fundamental to distinguishing between different sitting postures.

(4) Feature Fusion and Dimensional Harmonization

All feature streams are concatenated to form the final input:
72+M
F= [Ffull/ Fupr Faown: Ffaces Fgeo] e R™*F )

Our framework processes pose information through multiple, complementary pathways.
The full-body feature vector Fg, provides a global representation of the subject’s posture,
capturing overall body alignment and orientation. Concurrently, vectors Fyp, Fyown, and Fce
are processed by dedicated Local Feature Encoders (LFEs) to extract fine-grained, part-specific
dynamics, such as the precise configuration of the arms or the tilt of the head.

This multi-scale approach allows the model to simultaneously capture both holistic
and local aspects of the sitting posture [44,45]. Each feature stream, along with the geometric
relationship features Fgeo, is processed through its respective encoding module (LFE, GFE,
or GRFE) and projected into a unified embedding space. This design ensures that the final
decision is informed by a rich, multi-faceted representation of the input.

The potential for feature correlation is addressed within the model’s architecture.
Dropout regularization (p = 0.3) is applied within the LFEs to prevent overfitting. More
importantly, the subsequent uncertainty-weighted Bayesian fusion mechanism and the
symbolic reasoning module work in tandem to ensure robust and reliable predictions
by dynamically weighting the contribution of each pathway based on its confidence and
alignment with prior knowledge.

Figure 6 illustrates representative examples of all four posture categories under both
occluded and non-occluded conditions, along with the corresponding keypoint estimations
and the multi-scale feature extraction process.
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Figure 6. Multi-Scale Feature Extraction.

4.2.2. Uncertainty-Weighted Bayesian Fusion

Multi-scale features provide diverse semantic representations of body posture, such as
full-body context, upper and lower body cues, facial expressions, and geometric relations.
However, directly concatenating these heterogeneous features may lead to suboptimal
performance due to redundancy, noise, or varying reliability across branches. To address
this, we propose an uncertainty-weighted Bayesian fusion strategy that integrates multi-
branch predictions in a reliability-aware manner, as illustrated in Figure 7.

Each multi-scale feature representation

{hgloball hupr hdownr hface/ hgeo} (10)

is individually processed by a lightweight Bayesian neural network (BNN), which produces
a predictive distribution over the class logits:

pi(ylhi) = N (uj, 07) (11)

where ji; represents the predicted class score and ¢ denotes the corresponding aleatoric
uncertainty from branch i.
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Figure 7. Illustration of the proposed uncertainty-weighted Bayesian fusion framework. Each multi-
scale feature embedding (hgiobal, hup, Ndown, hfaces hgeo) is processed by a dedicated Bayesian Neural
Network (BNN) to produce both class predictions and associated aleatoric uncertainty. These outputs
are fused through a weighted averaging scheme based on predictive variances. The fused prediction
is further refined via Monte Carlo Dropout sampling to estimate epistemic uncertainty and obtain
calibrated confidence.

To aggregate predictions from different branches, we compute a fused prediction by
performing a weighted combination of the mean outputs, where each branch contributes
proportionally to its estimated reliability:

‘M, W= (12)

-y

This fusion step produces a point estimate of the final prediction, where lower-
uncertainty branches have greater influence. It serves as the mean output for subsequent
uncertainty quantification.

To estimate the model’s predictive confidence for the fused output, we apply Monte
Carlo (MC) Dropout during inference. Specifically, T stochastic forward passes with
dropout activated are performed after the fusion step. This allows us to approximate the
posterior distribution over the fused prediction and quantify epistemic uncertainty:

i L0
9 =g L -9 (13)

T 1=

L1
YT

where () is the tth MC sample of the fused output with dropout applied. This approach
provides a sampling-based estimate of the model’s confidence without requiring assump-
tions of independence between branches.

During training, each BNN is optimized using a hybrid loss function:

L=

o

Il
—

Eq o) [LcE(piy +ﬁZKL 0:)p(6:)), (14)
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where Lcg denotes the cross-entropy classification loss and the KL-divergence term en-
courages posterior distributions over weights to remain close to their priors, thereby
regularizing each BNN.

Our model captures two complementary sources of uncertainty:

(1) Aleatoric uncertainty—inherent data noise captured explicitly by each branch’s
predicted variance;

(2) Epistemic uncertainty—uncertainty in the model parameters, estimated by MC
Dropout over the fused prediction.

By combining these uncertainties in a principled and modular fashion, the proposed
framework produces not only accurate predictions but also well-calibrated confidence
estimates. This is particularly advantageous for human posture recognition in small-data or
safety-critical environments, where the ability to quantify prediction reliability is essential.
Unlike deterministic fusion methods, our Bayesian strategy introduces robustness and
interpretability into the decision-making process.

4.3. Symbolic Reasoning Module

To enhance the interpretability and robustness of the MSBN model, we introduce a
lightweight symbolic reasoning module that encodes human-understandable ergonomic
rules into a formal framework. This module is designed to provide a strong, high-level
prior for the final decision, acting as a complementary source of semantic knowledge that
guides the neural network with explicit, domain-specific logic. The design of the symbolic
module is predicated on the observation that critical posture classes can be determined
from a subset of keypoint coordinates. For instance, the “HeadDown” posture is primarily
defined by the relative position of the nose and shoulders, which are typically visible even
when the lower body is occluded by furniture. This ensures the symbolic module remains
functional and provides a reliable signal under challenging occlusion conditions.

The symbolic reasoning is implemented through a function R(x) that classifies the
posture based on geometric relationships between visible keypoint coordinates. The rules
are designed to capture intuitive human understanding of sitting postures:

“HeadDown”, if Ynose > Yshoulders 1 91

R(x) = “HandOnChin”, if HPwrist,right — Prosell <5V || Pwrist_left — Prosel| <'s (15)
“Standing”, if Yhip < Yknee — 02

“Upright”, otherwise

The thresholds d1, d, and s are fixed hyperparameters within the module. Their values
are determined empirically to ensure optimal performance across different data regimes.
Based on preliminary analysis and a systematic grid search experiment, we set 6; = 0.8,
dp = 0.12, and s = 0.1. This approach ensures that the symbolic rules remain deterministic
and interpretable, providing a clear, consistent rationale for the model’s decisions.

During inference, the output of this function R(x) is converted into a one-hot vector
Psymbolic € {0, 1}C, where C = 4 is the number of classes. This symbolic prediction provides
a human-readable justification for the final decision, enhancing the model’s transparency
and trustworthiness.

The integration of this module offers three key advantages:

Interpretability: Each prediction comes with an explicit, rule-based rationale (e.g.,
“The model predicts 'HandOnChin’ because the hand is near the head”).

Robustness to Occlusion: The rules are designed to use only the most relevant and
often visible keypoints. For example, “HeadDown” relies solely on the head and shoulders,
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which are typically visible even when the lower body is occluded. This ensures the symbolic
module remains functional under challenging conditions.

Lightweight and Stable: The symbolic module adds minimal computational overhead
and provides a stable, consistent signal for ambiguous or borderline postures, reducing the
risk of erratic neural network predictions.

This symbolic module is not intended to function as a standalone classifier but serves
as a complementary prior that guides the neural network. The final decision is obtained
by fusing the neural network’s output with this symbolic prior, with a learnable weight
controlling the contribution of the prior in the fusion process.

4.4. Decision Fusion with Neural-Symbolic Integration

To enhance the reliability and interpretability of predictions, we integrate symbolic
reasoning into the neural decision-making process through a logit-level symbolic injection
mechanism. The core idea is to leverage domain-specific symbolic rules to identify a
candidate class for each input and then inject this knowledge by boosting the corresponding
logit in the neural network’s output layer.

Formally, we let z € RC denote the raw logits from the multi-scale Bayesian Neural
Network. The symbolic component processes the input features using a pre-defined
hierarchical rule-based system, producing a discrete class label csympbolic € {1,...,C}. This
label is converted into a one-hot vector s = ec_ ;. € {0,1}¢.

We perform fusion by modifying the neural logits as follows:

Zfinal — Z + A-s (16)

where A € R is a fixed scalar hyperparameter that controls the strength of symbolic
influence. The final prediction is obtained via

Pfinal = Softmax (zfinal ) (1 7)

Unlike learnable fusion strategies, A is not updated during training but is set to a
constant value determined via cross-validation on a validation set. This value is chosen to
maximize overall accuracy while preserving robustness under uncertainty (e.g., occlusion,
noise). In our experiments, A = 1 yields optimal performance. A positive A increases
the probability of the symbolically suggested class, effectively allowing the symbolic
system to act as a “soft oracle” that biases the neural prediction toward semantically
plausible decisions.

To promote consistency between the neural and symbolic pathways, we incorporate a
knowledge alignment loss based on the Kullback-Leibler (KL) divergence:

L = Lcg(Piinal Y) + B - Dxr(Softmax(z/7) || Softmax(A - s/7)) (18)

where z denotes the original neural logits, T > 0 is a temperature parameter (set to 1.0),
and 8 = 0.1 controls the regularization strength. Although s is a hard one-hot vector, the
softmax of A - s produces a sharp distribution peaked at csympolic, encouraging the neural
network to assign high confidence to the same class. This serves as a form of rule-guided
regularization, reinforcing the model’s internal coherence.

Note that the symbolic engine operates on detached input features and is non-
differentiable; hence, no gradients flow into the symbolic component. Nevertheless, the
fusion mechanism enables end-to-end training of the neural network under the guidance
of symbolic knowledge, improving both accuracy and interpretability.



Electronics 2025, 14, 3889

16 of 27

5. Experimental Section

This section presents a comprehensive evaluation of the proposed MSBN-SPose frame-
work on the USSP dataset. We detail the experimental setup, analyze the model’s per-
formance, conduct comparative studies against baseline models, and perform ablation
experiments to validate each component. To demonstrate robustness in data-scarce scenar-
ios, we include a few-shot learning experiment. Finally, we provide qualitative insights
through visualization and quantitative analysis of predictive uncertainty, confirming the
model’s ability to identify ambiguous cases and produce reliable confidence scores.

5.1. Experimental Setup

To ensure reproducibility and performance reliability, we detail the experimental envi-
ronment and procedure. All experiments were performed on a single NVIDIA GeForce GTX
3090 Ti (24 GB; NVIDIA Corporation, Santa Clara, CA, USA). The model was developed
using Python 3.10 (Python Software Foundation, Wilmington, DE, USA) and implemented
on the PyTorch 2.0 framework (Meta Al, Menlo Park, CA, USA). During the keypoint
extraction stage, OpenPose v1.7.0 (Perceptual Computing Lab, Carnegie Mellon Univer-
sity, Pittsburgh, PA, USA) [Software] was used to obtain 18 human body keypoints per
frame. Available online: https://github.com/CMU-Perceptual-Computing-Lab/openpose
(accessed on 25 June 2024).

The model was trained using the AdamW optimizer [46], as implemented in PyTorch
(version 2.3.0) [Software] (Meta Platforms, Inc., Menlo Park, CA, USA). Available online:
https:/ /pytorch.org (accessed on 25 June 2024). With an initial learning rate of 1 x 10~*
and a weight decay of 1 x 107°. A StepLR scheduler reduced the learning rate by half
every 10 epochs. The total number of training epochs was set to 100, with a batch size of 64.
The training process incorporated class-frequency-based dynamic weights to mitigate class
imbalance, calculated as the inverse frequency of each class in the training set, normalized
to sum to one.

Evaluation Metrics

To comprehensively assess the classification performance of MSBN-SPose, we adopt a
set of standard evaluation metrics commonly used in multi-class classification tasks. These
metrics provide both per-class and global perspectives on model performance and uncertainty.
As shown in Table 5.

Table 5. Evaluation metrics used to assess multi-class classification performance.

Metric Definition

Accuracy (1/N) XN, 1(y; = ;) — Overall correctness

Precision TP/(TP + FP) — Correctness among predicted positives
Recall TP/(TP + FN) — Coverage of actual positives

Fl-score 2 x {;ﬁ:ﬁ#ﬁg‘éi:ﬂ — Balance of precision and recall
Macro Avg Average of per-class metrics (unweighted)

Weighted Avg Average of per-class metrics (weighted by support)
Predictive Entropy H(P) = — Y%, pclog(pc) — Uncertainty of prediction

In particular, the predictive entropy metric quantifies model uncertainty by measuring
the dispersion of the softmax probability distribution. A high entropy indicates uncertain
or ambiguous predictions, which is especially useful in analyzing samples near decision
boundaries or affected by occlusions.
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5.2. Results Analysis

The classification performance of MSBN-SPose on the test set is summarized in Table 6.
The model achieves an overall accuracy of 96.01% and consistently strong performance
across all four posture categories. In particular, the F1-score for HandOnChin reaches
98.36%, indicating that facial and upper-body features effectively support the detection of
this posture, with both precision (98.21%) and recall (98.47%) exceeding 98%.

For the HeadDown class, a slightly lower Fl-score of 94.48% is observed, which may
be due to overlapping keypoint configurations with the Upright class, leading to occasional
misclassifications during transitional poses. Despite having the lowest precision 93.33%, the
Standing category maintains high recall 96.12% and a solid F1-score 95.51%, demonstrating
the model’s robustness.

Both macro-average and weighted-average Fl-scores exceed 96%, confirming that
MSBN-SPose performs reliably and uniformly across all categories with minimal
performance variance.

Table 6. Classification performance of MSBN-SPose on the test set.

Class Precision (%) Recall (%) F1-Score (%) Support
Upright 98.63 97.25 97.94 315
Standing 93.33 96.12 94.70 218
Hand On Chin 98.21 98.47 98.34 93
Head Down 95.23 94.36 94.79 125
Macro Average 96.26 96.55 96.40 751
Weighted Average 96.30 96.06 96.18 751
Accuracy 96.01

The confusion matrices in Figure 8 are presented as raw counts and row-normalized
values to summarize the classification performance of MSBN-SPose. After row normal-
ization, the per-class recalls are as follows: Upright 93.3%, Standing 94.0%, HandOnChin
97.8%, and HeadDown 91.2%. Upright and HandOnChin exhibit minimal confusion, consis-
tent with their high Fl-scores. Residual errors are primarily concentrated between Standing
and HeadDown: 1.8% of Standing instances are misclassified as HeadDown, and 6.4% of
HeadDown instances are misclassified as Standing. A smaller degree of confusion occurs
between Upright and Standing, with 4.8% of Upright samples labeled as Standing and
4.1% in the reverse direction, likely due to similar lower-body keypoint configurations. The
strong diagonal dominance in the raw counts, coupled with high row-normalized recalls,
indicates that MSBN-SPose maintains robust precision and recall across all categories, even
under class imbalance.

5.3. Model Comparison Experiments

To validate the effectiveness of the proposed MSBN-SPose framework, we compare it
with several state-of-the-art models: a standard Multi-Layer Perceptron (MLP), as well as
commonly used deep learning architectures including ResNet-18, EfficientNetV2, Mobile-
ViT, LMSPNet, and KeypointNet. To ensure fair comparison on the structured keypoint
data, all models are implemented as MLP variants.

As shown in Table 7, MSBN-SPose achieves the highest classification accuracy of
96.01%, significantly surpassing all baselines. Specifically, MSBN-SPose attains a precision
of 96.26%, a recall of 96.55%, and an F1-score of 96.40%, ranking first across all metrics.
In terms of accuracy, it outperforms MLP, ResNet-18, EfficientNet-V2, MobileViT, LMSP-
Net, and KeypointNet by 4.40%, 5.46%, 6.66%, 7.59%, 3.87%, and 2.89%. Notably, this
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performance is achieved with only 1.97 million parameters—significantly fewer than most
vision-based baselines.

{a) Confusion Matrix (Counts) (b) Row-Normalized (Per-Class Recall)

Upright 15 0 6 Upright 0.0% 1.9%

Standing 9 0 4 Standing

150

True label
True label

HandOnChin - 1 0 91 1 HandOnChinq  1.1%
100
0.2
50
HeadDown 4 3 8 0 114 HeadDown 4  2.4% 6.4%
T T T T 0 T T T 0.0
Upright Standing HandOnChin HeadDown Upright Standing HandOnChin HeadDown
Predicted label Predicted label

Figure 8. Confusion matrices for sitting posture classification: (a) raw counts; (b) row-normalized,
where diagonal intensities correspond to per-class recall. Class supports: Upright = 315,
Standing = 218, HandOnChin = 93, HeadDown = 125.

Table 7. Comparison of model complexity and classification accuracy.

Model Precision (%) Recall (%) F1-Score (%) Accuracy (%) Parameters (M)
MLP [47] 91.89 91.63 91.76 91.61 0.03
ResNet-18 [48] 91.04 90.76 90.90 90.55 11.28
EfficientNet-V2 [49] 90.17 89.54 89.85 89.35 20.29
MobileViT [50] 88.69 88.90 88.79 88.42 5.04
LMSPNet [51] 93.11 92.46 92.78 92.14 12.80
KeypointNet [26] 94.32 94.12 94.22 93.12 8.96
MSBN-SPose (Ours) 96.26 96.55 96.40 96.01 1.97

These results demonstrate that our compact architecture is highly effective for struc-
tured keypoint-based tasks. This improvement primarily stems from two core design
features: (1) Neuro-symbolic fusion, where interpretable, rule-based priors guide the model
in handling ambiguous cases; and (2) Multi-scale feature processing, which enables the
model to extract structured representations at different semantic levels without requiring
large parameter budgets.

5.4. Ablation Study
5.4.1. Ablation of Key Components

To evaluate the contribution of each key component in the proposed MSBN-SPose
framework, we conduct an ablation study focusing on three core aspects: (1) multi-scale
input decomposition, (2) Bayesian modeling, and (3) neuro-symbolic fusion. Classification
performance for each variant is presented in Table 8.

The baseline configuration is a compact CNN-based model with a single input stream
and standard fully connected layers. It achieves an accuracy of 90.28%. Replacing the fully
connected layers with Bayesian layers improves performance to 92.75%, demonstrating
the benefit of uncertainty-aware modeling. When the model incorporates multi-scale
input branches (up, down, face, full body), accuracy increases to 94.41%, indicating the
importance of hierarchical part-level feature processing.
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Table 8. Comparison of different model components in the ablation study.

Model Bayesian Layers Symbolic Rules Accuracy (%)
CNN (Baseline) X X 90.28
+ Bayesian Layers v X 92.75
+ Multi-Scale Input v X 94.41
+ Symbolic Rules (Full Model) v v 96.01

Finally, adding the neuro-symbolic fusion module leads to the best performance of
96.01%. This confirms that symbolic priors provide complementary semantic structure,
especially beneficial for ambiguous or occluded keypoint configurations. All experiments
are repeated 5 times, and the reported results are averaged across runs with standard
deviation < 0.25%.

5.4.2. Ablation on Jittered Data

To assess the model’s robustness against realistic input perturbations encountered
in practical scenarios, we evaluate its performance on jittered test sets. We construct five
perturbed variants of the clean test set: four with single-factor degradations Geometric (ran-
dom rotation 15°, translation up to 10%, vertical flipping), Photometric (brightness +20%,
contrast £30%, Gaussian noise ¢ = 0.05), Occlusion (random contiguous masks up
to 30% area), and Keypoint (5%-10% keypoint dropout with interpolation or missing
masks)—and one combined setting (Jitter-All) applying all perturbations simultaneously.

As shown in Table 9, the model exhibits strong robustness across individual jitter
types, with only marginal performance drops, achieving F1-scores of 94.55% on Geometric
and 95.51% on Photometric. Slightly larger degradation is observed under Occlusion and
Keypoint jitters, likely due to the loss of spatial structure and semantic cues. The combined
Jitter-All setting yields the largest performance gap, yet the model still achieves a high F1-
score of 91.60%, significantly above acceptable thresholds. These results demonstrate that
our method maintains reliable performance under diverse and realistic input distortions,
highlighting its robustness and practical applicability in real-world scenarios.

Table 9. Ablation study on robustness to jitter perturbations. We evaluate single-factor jitters
(Geometric, Photometric, Occlusion, Keypoint) and their combination (Jitter-All). Clean-test denotes
the unperturbed test set. Metrics are macro-averaged (%).

Dataset Precision Recall F1-Score Accuracy
Geometric 94.83 94.27 94.55 94.08
Photometric 95.72 95.31 95.51 95.57
Occlusion 93.78 93.66 93.72 93.37
Keypoin 93.23 92.88 92.05 92.12
Jitter-All 91.68 91.53 91.60 91.22
Clean-test 96.26 96.55 96.40 96.01

5.4.3. Ablation on Feature-Stream Contributions

To quantify the role of each feature stream within the Bayesian fusion, we conduct a
component-level ablation with two protocols: (i) single-stream baselines, where only one
stream is enabled (Global, Upper, Lower, Face, or Geometric); and (ii) cumulative multi-
stream fusion, where streams are added stepwise in a fixed order. All settings share the same
training schedule and evaluation protocol; metrics are macro-averaged over classes on the
test set. As shown in Table 10, single streams already provide meaningful but incomplete
cues (e.g., Global reaches 84.54 Macro-F1 and 85.37 Accuracy), while cumulative fusion
improves performance monotonically at every step, culminating in 96.40 Macro-F1 and
96.01 Accuracy for the full model. Notably, adding the Geometric stream delivers the largest
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marginal gain (+4.36 pp Macro-F1), corroborating the utility of symbolic/geometric priors.
The Face stream benefits head-related categories, Lower enhances standing/sitting dis-
crimination, and Global supplies a stable holistic prior; together, the uncertainty-weighted
Bayesian fusion effectively integrates these complementary signals.

Table 10. Single-stream (Single-Scale) and cumulative multi-stream combinations for the
Bayesian fusion module (macro-averaged, %). Starting from Global, streams are added stepwise
(G=U—-L—F—=Geom). The full model (All) achieves the best performance; notably, adding Geomet-
ric brings the largest stepwise gain (+4.36 pp Macro-F1).

Setting Feature Precision Recall F1-Score Accuracy
Global 84.34 84.75 84.54 85.37
Upper 78.68 79.12 78.90 78.15

Single-Scale

Feature Extraction Lower 75.34 75.86 75.60 75.54
Face 77.88 78.16 78.02 77.53

Geometric 79.24 80.17 79.70 80.16

G+U 88.31 88.49 88.40 87.65

Multi-Scale G+U+L 90.12 90.24 90.18 89.86
Feature Extraction G+U+L+F 92.17 91.88 92.02 91.52
G+U+L+F+Geom 96.26 96.55 96.40 96.01

5.5. Hyperparameter Analysis
5.5.1. Sensitivity to the Symbolic Fusion Weight A

To assess the sensitivity of the symbolic fusion weight A, we perform a sweep while
keeping all other hyperparameters fixed; results are shown in Table 11. As A increases
from 0 to 0.10, all macro-averaged metrics improve steadily: Precision rises from 94.70% to
96.26%, Recall from 94.81% to 96.55%, Macro-F1 from 94.75% to 96.40%, and Accuracy from
94.60% to 96.01%. Even a small positive weight yields gains, indicating that a moderate sym-
bolic prior can enhance both precision and recall; however, further increasing the weight
begins to over-constrain the model, leading to slight declines across metrics. Therefore, we
adopt A = 0.10 as a better balance between data-driven evidence and rule-based priors.

Table 11. Effect of Symbolic Fusion Weight A.

Fusion Weight Precision Recall F1-Score Accuracy (%)
A=0 94.70 94.81 94.75 94.60
A =0.05 95.27 95.36 95.31 95.70
A=0.10 96.26 96.55 96.40 96.01
A=0.20 95.31 95.42 95.36 95.94

5.5.2. Study of Hyperparameters d1, J, s

We conduct a sensitivity analysis of the symbolic reasoning module’s core thresholds
(61: confidence margin, d,: uncertainty tolerance, s: consistency strength) through sys-
tematic ablation. As shown in Table 12, we evaluate four configurations for é; (0.6 1.2),
three for 6, (0.10 0.14), and three for s (0.08 0.12), alongside an adaptive threshold baseline
that dynamically computes values from input statistics. All experiments use identical
training protocols and validation sets to isolate threshold effects.

The results reveal significant performance dependence on threshold selection, with
Fl-scores varying by 1.38 points across configurations. Optimal performance consistently
occurs at 61 = 0.8, 6, = 0.12, s = 0.10, indicating a narrow operational window where
confidence margins and consistency constraints are balanced. Deviations degrade results:
higher §; values suppress valid predictions, while larger s over-enforces constraints. Cru-
cially, adaptive thresholds underperform fixed settings by 1.66 F1 points due to noise
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amplification in dynamic estimation, confirming that empirically tuned thresholds better
preserve symbolic reasoning reliability than heuristic adaptation.

Table 12. Performance sensitivity to threshold choices in the symbolic reasoning module. Results of
grid search over ¢1, J5, and s, with comparison to adaptive thresholds.

Setting Precision Recall F1-Score Accuracy
4 =06 95.37 95.48 95.42 95.18
0 =08 96.26 96.55 96.40 96.01
0 =10 95.41 95.56 95.48 95.30
0 =12 95.15 95.31 95.23 95.08
6, =0.10 95.43 95.77 95.60 95.69
6, =012 96.26 96.55 96.40 96.01
6 =0.14 95.82 96.03 95.92 95.72
s =0.08 95.41 95.36 95.39 95.29
s =0.10 96.26 96.55 96.40 96.01
s =0.12 94.88 95.12 95.00 94.67
Adaptive thresholds 95.42 94.75 94.72 95.46

5.6. Few-Shot Learning Experiment

To assess the generalization capability and robustness of the proposed approach in
low-data regimes, we conduct a few-shot learning experiment. Specifically, a 20-shot
training dataset is constructed by randomly selecting 20 labeled samples per class from the
original training set, ensuring balanced class distribution. This setting simulates realistic
scenarios where large-scale annotations are costly or impractical to obtain.

The model is trained using this limited dataset while incorporating Bayesian in-
ference principles. The loss function combines the standard cross-entropy term with a
Kullback-Leibler (KL) divergence regularization, encouraging the network to learn a poste-
rior distribution over parameters. This probabilistic formulation enables better uncertainty
modeling and mitigates overfitting. In addition, the symbolic reasoning component in
our architecture serves as an inductive bias, providing structural constraints that enhance
learning efficiency under data scarcity.

The training process achieves a peak validation accuracy of 69.64%, with early stop-
ping (patience = 10) employed to prevent overfitting. On the independent test set, the
model reaches an overall accuracy of 67.91%, where the mean is over 5 runs, std = 0.82%,
confirming its ability to generalize well even with limited supervision and demonstrating
stable reproducibility across random seeds.

Detailed class-wise performance is summarized in Table 13. The model performs
particularly well on HandOnChin and Upright, achieving Fl-scores of 78.05% and 74.34%,
respectively. In contrast, lower recall on Standing indicates challenges with more ambigu-
ous or variable pose categories under few-shot constraints.

While not designed to compete with state-of-the-art few-shot classification bench-
marks, this experiment validates the effectiveness of integrating Bayesian modeling and
symbolic priors in improving robustness and predictive confidence. These capabilities
are essential for safety-critical or resource-constrained applications where labeled data are
inherently scarce.

Table 13. Test classification performance under 20-shot setting.

Class Precision (%) Recall (%) F1-Score (%) Support
Upright 69.42 80.00 74.34 315
Standing 74.78 39.45 51.65 218
HandOnChin 71.43 86.02 78.05 93
HeadDown 57.14 73.60 64.34 125

Overall Accuracy 67.91




Electronics 2025, 14, 3889

22 of 27

To further assess the model’s confidence and calibration, we conduct an uncertainty
analysis based on predictive entropy. This metric quantifies the uncertainty of the model’s
softmax output for each test sample. As expected, the model shows significantly higher
entropy on incorrect predictions than on correct ones: Mean entropy (correct predictions):
0.3542, Mean entropy (incorrect predictions): 0.8577.

This behavior indicates that the model is generally more uncertain when it makes
mistakes, demonstrating a desirable property for real-world deployment where uncertainty-
aware decisions are important. These results support the effectiveness of MSBN-SPose in
producing well-calibrated probabilistic outputs.

We compare our MSBN-SPose model against two strong baselines to demonstrate the
effectiveness of our design choices: BaselineCNN: A simple single-branch CNN that processes
the concatenated multi-scale features. BaselineMultiScaleCNN: A multi-branch CNN that
processes each feature scale independently and fuses their outputs via simple averaging.

As shown in Table 14, MSBN-SPose significantly outperforms both baselines. The
BaselineCNN achieves an accuracy of 56.46%, indicating that a simple model can learn
basic patterns from the limited data. However, the BaselineMultiScaleCNN only achieves
48.87%, which is lower than the single-branch model. This counterintuitive result highlights
a critical issue: in extreme data-scarce scenarios, a complex multi-branch architecture is
highly prone to severe overfitting, as each branch lacks sufficient data to learn robust
representations. The naive averaging fusion strategy further fails to mitigate the impact of
unreliable branch predictions.

In stark contrast, our MSBN-SPose achieves a significantly higher accuracy of 67.91%.
This substantial performance gap validates that our model’s superior performance is not
merely due to the multi-scale design, but rather stems from its advanced, uncertainty-aware
fusion mechanism and the integration of symbolic knowledge.

To dissect the contribution of each component, we conduct ablation studies: MSBN-
SPose w/o Symbolic: Removes the symbolic reasoning module. MSBN-SPose w/o
Bayesian: Replaces uncertainty-weighted fusion with simple averaging.

As shown in Table 14, removing either component degrades performance by 62.00%
and 60.00%, respectively. This confirms that both the symbolic inductive bias and the
uncertainty-aware fusion are critical. The complete model’s reported performance of
67.91%, which integrates both Bayesian inference and symbolic reasoning, demonstrates
the essential synergy between these components. Ablations confirm that removing either
leads to significant degradation.

Table 14. Ablation study and comparison with baselines under the 20-shot setting. Results averaged
over 5 runs; +values denote standard deviation.

Model Test Accuracy (%)
BaselineCNN 56.46 (+0.71)
BaselineMultiScaleCNN 48.87 (+0.93)
MSBN-SPose (w/o Symbolic) 62.00 (+0.68)
MSBN-SPose (w/o Bayesian) 60.00 (+0.85)
MSBN-SPose (Ours) 67.91 (+0.82)

5.7. Threshold Tuning Experiment

To ensure the symbolic reasoning module provides a reliable and effective prior, we
conducted a systematic threshold tuning experiment. The performance of the module is
sensitive to the values of the geometric thresholds s, J1, J, that define its decision rules. An
arbitrary choice could lead to suboptimal performance, especially under data scarcity.
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We defined three search spaces for the thresholds: s € {0.05,0.08,0.1,0.12,0.15},
41 € {0.6,0.7,0.8,0.9,1.0}, and &, € {0.1,0.12,0.14,0.16 }. This constitutes a hyperparameter
space with 5 X 5 x 4 = 100 different combinations.

To ensure the reliability of the symbolic reasoning module, we conducted a grid search
over 100 combinations of its geometric thresholds s, 61, 4, under both the 20-shot and the
USSP dataset. The best combination (s = 0.1, 67 = 0.8, 6, = 0.12) yielded the highest accu-
racy of 66.67% in the 20-shot setting and 96.01% in the USSP dataset, suggesting consistent
performance across data regimes. While not claiming global optimality, this empirically
selected threshold set effectively guides symbolic inference. We also observed that perfor-
mance was susceptible to small values of s and large values of 4, indicating that careful
tuning is critical. These results justify our use of this threshold configuration in subsequent
experiments and support the symbolic module’s role as a substantial, inductive prior.

5.8. Visualization Analysis

To better understand the effectiveness of the proposed MSBN-SPose model, we con-
ducted a visualization analysis based on the test data. Our original dataset consists of
keypoint coordinates, angles, and distances saved in .npy format. Since these keypoints
are represented in two-dimensional coordinates, the direct visualization naturally corre-
sponds to the skeletal structure of human posture, as shown in Figure 9a. This visualization
effectively demonstrates the spatial relationships and relative positions of the detected
keypoints, which are crucial for posture classification.

Moreover, after additional processing and applying the MSBN-SPose model, we
can generate heatmap visualizations directly on the original RGB images, as depicted in
Figure 9b. This heatmap highlights the regions where the model focuses its attention,
particularly around key facial and upper body parts, aligning well with the keypoint-based
skeletal structure. Such visualizations provide an intuitive interpretation of the model’s
decision-making process and confirm that the model leverages both spatial and visual
features effectively.

This two-tier visualization approach—keypoint-based skeletal representation and
original image heatmap—demonstrates the interpretability and robustness of our proposed
model. It confirms that the MSBN-SPose not only accurately captures posture keypoints
but also integrates image features effectively for posture recognition.

Figure 9. Pose representations produced by MSBN-SPose: (a) predicted skeleton; (b) keypoint
heatmaps overlaid on the input RGB image.

The results demonstrate that MSBN-SPose achieves robust performance in student pos-
ture recognition. The high accuracy and balanced metrics across all classes validate the
effectiveness of our multi-scale feature extraction, Bayesian uncertainty modeling, and hierar-
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chical neuro-symbolic fusion. The ablation study confirms that each component contributes
positively to the final performance. Visualization experiments further verify the model’s
accuracy and interpretability in posture feature understanding and keypoint discrimination.

5.9. Failure Cases

To characterize the limitations of our system, we analyze misclassified test samples
ranked by decision margin m = Ppreq — Pond (smaller m indicates a more ambiguous
decision). As summarized in Table 15, we report representative cases with the ground-
truth label (GT), the model confidence p for the predicted class, the margin m, and an
inferred failure mode. Most errors fall into four categories: (1) similar-class confusion (e.g.,
subtle differences between Standing and HeadDown); (2) partial wrist/hand occlusion
that destabilizes local keypoints; (3) extreme head pose leading to inaccurate facial /neck
keypoints; and (4) strong backlight that reduces contrast and degrades heatmap responses.
Notably, even at moderate confidences (0.55-0.63), the small margins (0.05-0.09) suggest
borderline cases where minor keypoint shifts can flip the decision. These observations are
consistent with our overall error statistics (e.g., confusion between visually similar classes).
As practical remedies, stronger occlusion/illumination augmentations, per-class threshold
calibration, and light temporal smoothing were found to reduce such failures in pilot tests
and will be explored more systematically in future work.

Table 15. Representative failure cases with confidence and margin.

GT P Margin Failure Mode

Head Down 0.63 0.07 Similar-class confusion
Hand On Chin 0.58 0.05 Extreme head pose
Standing 0.61 0.09 Partial wrist occlusion
Upright 0.55 0.06 Strong backlight

6. Conclusions and Future Work

This study proposes MSBN-SPose, a novel framework that combines multi-scale
keypoint representations with hierarchical neuro-symbolic reasoning to achieve accurate
and interpretable student posture recognition. Based on 18 body keypoints extracted
by OpenPose, the model encodes global, local, and geometric features to capture fine-
grained postural semantics. A Bayesian neural network models uncertainty to improve
robustness, while symbolic reasoning incorporates domain knowledge through logic rules.
The fusion of neural and symbolic outputs leads to improved recognition accuracy and
greater transparency in decision-making.

Future work will explore: (1) incorporating temporal sequence modeling (e.g., LSTM
or Transformer-based methods) to capture dynamic posture transitions and behavioral
context; (2) adopting soft logic frameworks or learnable rule induction to enhance the
flexibility and scalability of symbolic reasoning; (3) deploying the model in real-world
classroom and study environments to assess system robustness and application value in
behavior monitoring and intelligent intervention; and (4) addressing occlusion issues via
multi-view sensing and cross-view information fusion to improve recognition in complex
classroom settings.
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