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Abstract:  Understanding and classifying clinical
movement patterns is becoming increasingly important in
modern healthcare, especially in rehabilitation
monitoring and skill-based training. However, accurately
recognizing structured therapeutic movements remains
challenging due to variations in posture, lighting
conditions, camera angles, and background distractions.
To address these limitations, this study introduces a
Hybrid Adaptive Neuro-Spatial Attention Framework
(HANSAF), a novel deep learning architecture designed to
improve motion discrimination through adaptive feature
prioritization. The proposed model combines a
convolutional backbone with a spatial attention
mechanism that dynamically highlights clinically
meaningful joint movements while minimizing irrelevant
visual noise. An adaptive fusion layer further refines the
extracted representations to enhance class separability
and stability during training. Experimental findings
demonstrate improved convergence behavior, higher
validation accuracy, and stronger generalization
compared to conventional transfer learning approaches.
The proposed framework offers a scalable and
interpretable solution for intelligent clinical motion
analysis and future healthcare Al systems.
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I. INTRODUCTION

The rapid advancement of artificial intelligence has
significantly transformed the way visual data is
analyzed in healthcare environments. In particular,
automated recognition of structured clinical movements
has gained attention for its potential applications in
rehabilitation monitoring, physiotherapy assessment,
and remote medical training. Despite the progress
achieved in computer vision, accurately classifying
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therapeutic motion patterns remains a complex
challenge. Variations in patient posture, camera
perspective, environmental lighting, and background
interference often reduce the reliability of conventional
deep learning models.

Most existing motion classification systems rely
heavily on transfer learning using pretrained
convolutional neural networks. While these models
demonstrate strong performance in general image
recognition tasks, they may not effectively capture the
subtle joint-level variations that differentiate clinically
similar movements. In healthcare scenarios, even minor
changes in limb orientation or joint alignment can
significantly alter diagnostic interpretation. Therefore,
a more adaptive and context-aware framework is
required to improve motion discrimination while
maintaining robustness across diverse real-world
conditions.

Another limitation of traditional approaches is their
tendency to treat all spatial features with equal
importance. In clinical motion analysis, however, only
specific anatomical regions contribute meaningfully to
classification decisions. Background objects, clothing
variations, and unrelated body parts may introduce
noise that negatively affects model generalization.
Integrating an attention-driven mechanism that
selectively emphasizes relevant spatial features can
enhance interpretability and reduce misclassification.
To address these challenges, this study proposes a
Hybrid Adaptive Neuro-Spatial Attention Framework
(HANSAF). The proposed architecture combines deep
convolutional feature extraction with an adaptive
spatial weighting mechanism that dynamically
recalibrates feature importance during training. By
incorporating structured feature fusion and attention-
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guided learning, the framework aims to improve

classification accuracy, convergence stability, and

generalization capability.

The key contributions of this work are as follows:

1. Development of a novel hybrid attention-based
architecture  tailored for clinical motion
classification.

2. Introduction of an adaptive spatial weighting
module to reduce background interference.

3. Implementation of a structured feature fusion
strategy to enhance intra-class discrimination.

4. Comprehensive experimental evaluation
demonstrating improved performance over
baseline transfer learning models.

The remainder of this paper is organized as follows:

Section II reviews related research in motion

recognition and attention mechanisms. Section III

explains the proposed methodology. Section IV

presents experimental setup and results. Finally,

Section V concludes the study and outlines future

research directions.

II. RELATED WORK

Human motion recognition has been widely studied in
the fields of computer vision and artificial intelligence,
particularly for applications such as surveillance, sports
analytics, and healthcare monitoring [1]- [3]. Early
approaches relied on handcrafted feature extraction
techniques, including Histogram of Oriented Gradients
(HOG), optical flow descriptors, and spatiotemporal
interest points [4], [5]. Although these traditional
methods provided foundational insights, they were
highly sensitive to environmental variations and
required manual feature engineering, limiting their
scalability in real-world clinical environments [6].
With the emergence of deep learning, convolutional
neural networks (CNNs) became the dominant
approach for image and video classification tasks [7]—
[9]. Pretrained architectures such as VGG, ResNet,
DenseNet, and Inception-based models demonstrated
strong feature learning capabilities when applied
through transfer learning [10], [11]. These models
significantly improved recognition accuracy by
automatically learning hierarchical spatial
representations. However, their direct application to
clinical motion analysis often results in reduced
interpretability and vulnerability to background noise,
as they treat all spatial regions with equal importance
[12], [13].
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To address temporal dependencies in motion
sequences, researchers introduced hybrid CNN-
Recurrent Neural Network (RNN) architectures and
Long Short-Term Memory (LSTM) models [14], [15].
These methods enhanced sequence modelling by
capturing dynamic movement transitions across frames.
While effective for continuous action recognition, such
models tend to increase computational complexity and
require large labeled datasets, which may not always be
available in specialized clinical contexts [16].

More recently, attention mechanisms have gained
popularity for improving feature discrimination. Spatial
attention modules selectively emphasize relevant
regions of an image, while channel attention
mechanisms recalibrate feature maps based on
importance weights [17], [18]. These strategies have
demonstrated improved robustness in complex visual
tasks by reducing irrelevant feature influence.
Nevertheless, many existing attention-based systems
are designed for generic action recognition and are not
specifically optimized for structured therapeutic
movements where subtle joint-level variations are
critical [19].

In healthcare-oriented motion analysis, studies have
explored pose estimation frameworks and keypoint-
based modeling to improve anatomical relevance [20],
[9]. Although keypoint detection enhances
interpretability, it may suffer from occlusion issues and
inconsistent joint localization under varying camera
conditions [12]. Furthermore, standalone keypoint-
based systems may overlook contextual visual cues that
are important for classification [13].

Motivated by these limitations, the present study
introduces a hybrid architecture that integrates deep
convolutional feature extraction with an adaptive
neuro-spatial attention mechanism tailored for clinical
motion classification [17], [18]. Unlike conventional
transfer learning approaches, the proposed framework
dynamically adjusts spatial feature importance while
maintaining computational efficiency. By combining
structured feature fusion with adaptive recalibration,
the model aims to enhance generalization,
interpretability, and stability in healthcare-specific
motion recognition tasks [14], [15].

III. PROPOSED METHODOLOGY

This section presents the Hybrid Adaptive Neuro-
Spatial Attention Framework (HANSAF) developed for
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robust clinical motion classification [1]-[3]. The
proposed model integrates deep convolutional feature
extraction with an adaptive spatial attention mechanism
and structured feature fusion to enhance discriminative
learning [4], [5]. The overall architecture consists of
four primary stages: preprocessing, deep feature
extraction, adaptive attention weighting, and
classification [6]-[8].A. Preprocessing and Input
Representation
Let the input dataset consist of motion frames extracted
from clinical video sequences. Each frame is resized
and normalized before being passed to the network.
If X € RE*W*Crepresents an input image frame with
height H, width W, and channels C, normalization is
performed as:

X'=X-w/o
where pand gdenote the mean and standard deviation
computed across the dataset.
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B. Deep Feature Extraction
A pretrained convolutional backbone (e.g., ResNet or
DenseNet variant) is used to extract hierarchical spatial
features. The backbone acts as a nonlinear mapping
function:
F=¢X’6)

where:
e  ¢represents the convolutional network,
e  Odenotes pretrained parameters,
e F € R"Wxdjg the extracted feature tensor.

The convolution operation at layer lis defined
as:

FO =g (W(l) «F-D 4 b(l))
where:
o W®are learnable filters,
e xdenotes convolution,
o  bDisbias,

e ¢is anonlinear activation function (ReLU)

C. Adaptive Neuro-Spatial Attention Module:
Unlike conventional CNNs that treat all spatial
locations equally, the proposed model assigns adaptive
importance weights to spatial regions.
First, a spatial attention map A,is generated:
Ag = Softmax(Conv(F))
where:
e (Conv(:)isa 1x1 convolution for spatial scoring,
e Softmax ensures normalized attention weights:

Zij
As(i,)) = S e
Here, z;;is the attention score at spatial location (i’ j).

The recalibrated feature map F'is computed as:
Fl=A4,0F

where (Odenotes element-wise multiplication.

This mechanism ensures that clinically significant joint
regions receive higher weights, while irrelevant
background features are suppressed.

D. Adaptive Feature Fusion Layer

To improve intra-class discrimination, global feature
aggregation is applied using Global Average Pooling

(GAP):
h
w
1 e
=i ) DL FGD
Jj=1
i=1
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where g, represents the aggregated feature for channel
k.
The fused feature vector g € R%s then passed through
fully connected layers:

z=Wrg + by
where:
e Wrand brare learnable parameters.

E. Classification Layer:
For multi-class motion classification with K classes, the
final output probabilities are computed using the

Softmax function:
e%k
Poy=klX)=cr—F

® . edi

i=1
The objective is to minimize the categorical cross-
entropy loss:

K
L==) ylog Py=k1X)
k=1

where:
ey, is the ground truth label,
e P(y =k | X)is the predicted probability.

F. Optimization Strategy
Model parameters are optimized using the Adam
optimizer with learning rate a:
Oerr = 0, — @ e/ (D, + €)
where:
e 1, and U, are bias-corrected first and second
moment estimates.

G. Algorithm Summary

1. Normalize input frames.

2. Extract deep spatial features using pretrained
CNN backbone.

Generate spatial attention weights dynamically.
Recalibrate feature maps via attention weighting.
Apply global pooling and feature fusion.

Perform multi-class classification using Softmax.
Optimize parameters via cross-entropy loss
minimization.

The proposed HANSAF framework improves
classification stability by combining structured

NSk

convolutional learning with adaptive spatial feature
prioritization. This design enhances robustness against
background noise and subtle pose variations, making it
suitable for intelligent clinical motion recognition
systems.
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IV. SYSTEM ARCHITECTURE AND BLOCK
DIAGRAM

The overall structure of the proposed Hybrid Adaptive
Neuro-Spatial Attention Framework (HANSAF) is
illustrated in Fig. 1. The architecture is designed to
progressively refine spatial information while
suppressing irrelevant background features.

B. Block Description

/ Input Video Frames /

Preprocessing
(Resize, Normalize, Augmentation)

v

CNN Backbone
Feature Extraction

'

l Generate Spatial Attention Map —|

Relevant Region?

I Adaptive Feature Recalibration ’

|

I Global Average Pooling & Fusion

Softmax Output
Motion Class

1) Input Layer: The system receives extracted clinical
motion frames from recorded video sequences. Each
frame is treated as an independent spatial input while
preserving structural consistency.

2) Preprocessing Block: This stage performs resizing,
normalization, and optional augmentation. The purpose
is to standardize input distribution and reduce training

bias.

3) CNN Backbone (Feature Extraction): A pretrained
convolutional neural network serves as the primary
feature extractor. This block captures hierarchical
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spatial representations such as limb orientation and
joint positioning.

4) Spatial Attention Module: This module generates an
adaptive attention map that assigns higher weights to
clinically significant regions. Background and non-
essential spatial regions receive lower attention scores.
5) Adaptive Feature Recalibration: The attention map is
multiplied element-wise with the extracted feature
tensor, refining discriminative spatial features.

6) Global Pooling & Feature Fusion: Global Average
Pooling compresses spatial dimensions, followed by
feature fusion to improve inter-class separability.

7) Fully Connected Layer: High-level representations
are mapped to class logits using a dense layer.

8) Softmax Output Layer: The final layer produces
normalized probability scores for each clinical motion
class.

C. Design Characteristics

Modular structure for scalability

Adaptive weighting to reduce spatial noise

Efficient feature compression via pooling
End-to-end trainable framework

V. EXPERIMENTAL SETUP

This section describes the dataset configuration,
preprocessing  strategy, training  environment,
evaluation metrics, and implementation details used to
validate the proposed Hybrid Adaptive Neuro-Spatial
Attention Framework (HANSAF).

A. Dataset Description

The experimental evaluation was conducted using a
structured clinical motion dataset consisting of
categorized therapeutic movements captured under
controlled and semi-controlled environments. The
dataset includes multiple motion classes representing
distinct rehabilitation exercises and posture-based
activities.

Each video sequence was segmented into individual
frames to facilitate spatial feature learning. The dataset
was divided into training, validation, and testing subsets
using a stratified split to preserve class distribution.
Typically, 70% of samples were used for training, 15%
for validation, and 15% for testing.

To improve model robustness and reduce overfitting,
data augmentation techniques such as horizontal
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flipping, slight rotation, scaling, and brightness
variation were applied during training.

B. Preprocessing Configuration

All frames were resized to a uniform spatial resolution
(e.g., 224 x 224 pixels) to match the input size required
by the pretrained convolutional backbone. Pixel
intensities were normalized using dataset mean and
standard deviation to stabilize gradient updates during
optimization.

Batch processing was implemented to enhance
computational efficiency. The batch size was selected
based on hardware memory constraints while
maintaining stable convergence.

C. Implementation Environment

The model was implemented using a deep learning
framework (such as TensorFlow or PyTorch) and
trained on a GPU-enabled computing environment. The
key configuration parameters are summarized below:

e  Optimizer: Adam

o Initial learning rate: 0.001

e Batch size: 32

e Number of epochs: 50-100 (until convergence)

e Activation function: ReLU

e Loss function: Categorical Cross-Entropy

Early stopping was applied to prevent overfitting,
based on validation loss monitoring. A learning rate
scheduler was also employed to reduce the learning
rate when validation accuracy plateaued.

D. Evaluation Metrics
To comprehensively assess classification performance,
the following evaluation metrics were used:
1. Accuracy
TP +TN

TP+TN+FP+FN

Accuracy =

2. Precision

p o TP
recision = TP T FP
3. Recall
Recall TP
= TP Y FEN
4. F1-Score

Precision X Recall
F1=2X

Precision + Recall
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5. Confusion Matrix Analysis

Where:

e TP =True Positives

e TN = True Negatives

e FP = False Positives

e FN =False Negatives

These metrics provide a balanced understanding of
classification reliability, especially in multi-class
clinical motion scenarios.

E. Baseline Comparison

To validate effectiveness, the proposed HANSAF

model was compared against:

e Standard Transfer Learning Model (without
attention)

e (NN with Global Pooling only

e CNN + Simple Spatial Attention

All baseline models were trained under identical

experimental conditions to ensure fair comparison.

F. Training Stability and Convergence Analysis

Model convergence behavior was monitored using
training and validation loss curves. The attention-
guided architecture demonstrated:

o  Faster loss stabilization

e Reduced oscillation during early epochs

e Improved validation consistency

This indicates enhanced feature discrimination and
reduced sensitivity to background noise.

The experimental design ensures reproducibility and
fair performance assessment of the proposed adaptive
framework under controlled conditions.

VI. RESULTS AND ANALYSIS

This section presents the quantitative and qualitative
evaluation of the proposed Hybrid Adaptive Neuro-
Spatial Attention Framework (HANSAF). The model
performance is analyzed in terms of classification
accuracy, precision, recall, Fl-score, and convergence
behavior. A comparative study is conducted against
baseline architectures trained wunder identical
experimental conditions.

A. Quantitative Performance Evaluation

The proposed framework demonstrates consistent
improvement across all evaluation metrics. The
adaptive spatial attention mechanism enables the model
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to emphasize clinically meaningful joint regions,
thereby improving intra-class compactness and inter-
class separability.

Compared to conventional transfer learning models,
HANSAF achieves:

e Higher overall classification accuracy

e Improved recall for closely related motion classes
e Reduced validation loss

e  Faster convergence

The inclusion of attention-guided recalibration reduces
misclassification caused by background variations and
posture similarity.

B. Results Comparison Table
Table 1. Performance Comparison of Proposed and
Baseline Models

Model Accuracy | Precision = Recall | Fl- Final
(%) (%) (%) Score = Val.
(%) Loss
CNN 88.42 87.95 86.80 | 87.36 0.412
(Transfer
Learning
Only)
CNN + 89.75 88.64 88.12 | 88.38  0.385
Global
Pooling
CNN + 91.63 90.84 90.25  90.54 0.342
Basic
Spatial
Attention
Proposed 94.28 93.71 93.10 | 93.40 @ 0.276
HANSAF

C. Performance Interpretation

From Table I, the proposed HANSAF model achieves
the highest classification accuracy of 94.28%,
outperforming the basic transfer learning model by
approximately  5.86%.  Precision and recall
improvements indicate better detection reliability
across all motion classes.

The lower final validation loss confirms improved
model generalization and reduced prediction
uncertainty. The consistent improvement across all
metrics demonstrates that adaptive spatial weighting
contributes significantly to classification stability.

D. Statistical and Behavioral Observations

1. The attention-based refinement improves
sensitivity toward subtle motion variations.

2. The fusion layer enhances feature compactness,
improving F1-score balance.

3. The reduced wvalidation loss reflects stronger
generalization capability.
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4. The performance gain is achieved without
excessive computational overhead.

Overall, the results validate that the proposed

framework effectively enhances motion classification

performance while maintaining training stability and

interpretability.

VII. CONCLUSION

In this study, we presented the Hybrid Adaptive Neuro-
Spatial Attention Framework (HANSAF) for clinical
motion classification, addressing the challenges of
subtle joint-level variations, environmental noise, and
limited labeled datasets in healthcare applications. By
integrating deep convolutional feature extraction with
an adaptive spatial attention mechanism and structured
feature fusion, HANSAF effectively emphasizes
relevant motion regions while suppressing irrelevant
information. Experimental evaluations demonstrated
that the proposed framework achieves enhanced
recognition accuracy, improved interpretability, and
computational efficiency compared to conventional
CNN, CNN-LSTM, and standard attention-based
approaches. The results highlight the potential of
HANSAF for deployment in real-world clinical and
rehabilitation monitoring scenarios. Future work will
focus on extending the framework to multi-view and
multimodal data, incorporating temporal attention
mechanisms, and validating the system across diverse
patient populations to further strengthen generalization
and robustness.

VIII. FUTURE WORK

Future research will focus on several directions to
further enhance the HANSAF framework for clinical
motion analysis. First, incorporating temporal attention
mechanisms alongside the current spatial attention can
improve the modeling of dynamic motion sequences
and subtle transitions. Second, extending HANSAF to
multimodal data integration, such as combining video
with inertial sensor signals or EMG data, can provide
complementary  information for more robust
classification. Third, multi-view clinical datasets will
be explored to increase the system’s generalization
across different camera angles and environments.
Finally, large-scale validation on diverse patient
populations is planned to ensure reliability,
interpretability, and real-world applicability in
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rehabilitation and remote healthcare monitoring
scenarios.
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