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Abstract—In recent years, deep learning models have
demonstrated remarkable success across a wide range
of applications. However, their performance often
deteriorates in the presence of noisy data and outliers.
This research proposes a unified framework that
combines advanced training optimisation techniques
with integrated outlier detection to improve both the
accuracy and robustness of deep neural networks. The
model incorporates responsive activation functions,
adaptive  learning rate  algorithms, dropout
regularisation, and pretraining to optimise the learning
process. Simultaneously, it employs autoencoders for
unsupervised feature learning and integrates both
clustering-based and classification-based methods for
effective outlier identification. Experimental evaluations
conducted on benchmark datasets demonstrate that the
proposed  hybrid approach  enhances model
generalization, reduces overfitting, and improves
anomaly detection performance compared to traditional
deep learning pipelines. The unified model shows
potential for deployment in real-world scenarios where
data quality and reliability are critical.

[. INTRODUCTION

Deep learning has emerged as a dominant approach
to solving complex problems across various domains
including computer vision, natural language
processing, healthcare, and finance. The strength of
deep neural networks (DNNGs) lies in their ability to
learn hierarchical representations from large datasets.
However, the effectiveness of these models heavily
depends on the quality of the training process and the
integrity of the data. Challenges such as noisy inputs,
outliers, and suboptimal training parameters can lead
to reduced model accuracy and poor generalization.
To address these issues, recent research has focused
on enhancing training methodologies using
techniques such as adaptive learning rate optimizers,
activation

responsive functions, dropout
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regularisation, and pretraining strategies. While these
methods improve learning efficiency and reduce
overfitting, they do not directly address the impact of
outliers present in the dataset. Outlier detection,
therefore, becomes a critical component in building
robust deep learning systems.

This paper proposes a unified framework that
integrates deep learning optimisation techniques with
hybrid outlier detection mechanisms. The model
leverages unsupervised learning through
autoencoders to extract meaningful features, while
clustering- and classification-based approaches are
used to identify and manage outliers during the
training process. By combining these techniques, the
framework aims to enhance model reliability,
particularly in scenarios with noisy or imbalanced
data. The objective of this study is to evaluate the
impact of integrating training optimisation and outlier
detection impacts model performance. Through
experimental analysis, the proposed unified model is
tested against traditional deep learning approaches to
assess improvements in accuracy, robustness, and
anomaly detection capability.

II. RELATED WORK

Several research efforts have been made to improve
the performance and robustness of deep learning
models through training optimisation and outlier
detection.  Existing literature  highlights the
importance of adaptive learning strategies and
regularisation techniques in enhancing neural
network training. Adaptive Learning Rate methods,
such as Adam, RMSprop, and AdaGrad, dynamically
adjust the learning rate during training to accelerate
convergence and avoid local minima. These
optimisers have shown better performance compared
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to traditional stochastic gradient descent, especially
in handling complex and sparse data. Activation
functions like ReLU, Leaky ReLU, Swish, and
GELU have been widely studied for their ability to
introduce non-linearity and improve gradient flow.
These responsive activation functions play a crucial
role in enhancing model expressiveness and reducing
vanishing gradient issues.

Dropout regularisation, introduced by Srivastava et
al., is a widely adopted technique to prevent
overfitting in neural networks by randomly
deactivating neurons during training. It encourages
the model to learn more robust and generalised
features. Pretraining using unsupervised learning,
especially through autoencoders, has been effective in
initialising  network  weights and improving
performance on tasks with limited labelled data.
Autoencoders also serve as powerful tools for
anomaly  detection by learning compressed
representations and reconstructing input data. In the
context of outlier detection, two main categories
dominate the research: clustering-based and
classification-based approaches. Clustering-based
methods, such as DBSCAN and k-means, identify
anomalies by measuring the distance of data points
from cluster centroids or densities. Classification-
based methods, including One-Class SVM and
isolation forests, learn decision boundaries to
separate normal and abnormal data. While these
techniques have shown success independently, few
studies have attempted to integrate training
optimisation and outlier detection into a unified deep
learning framework. Some recent works have
explored hybrid models combining autoencoders with
clustering for unsupervised anomaly detection.
However, the combination of advanced training
strategies with a dual outlier detection approach
remains relatively underexplored. This research aims
to fill that gap by proposing a unified model that not
only improves deep learning training through
adaptive and regularized techniques but also
strengthens data quality through integrated outlier
detection using hybrid methods.

III. BACKGROUND CONCEPTS
To develop a unified model that combines deep

learning optimisation with outlier detection, it is
essential to understand the foundational concepts that
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support this integration. This section outlines the core
techniques and mechanisms involved in both
improving neural network training and identifying
anomalies in data.

Responsive Activation Functions:

Activation functions introduce non-linearity into

neural networks, enable them to discover multipart

patterns. While traditional functions like Sigmoid and

Tanh suffer from vanishing gradients, modern

alternatives such as ReLU (Rectified Linear Unit),

Leaky ReLU, Swish, and GELU provide better

gradient flow and faster convergence. These

functions help deep networks maintain signal strength
during back propagation and support more stable
learning.

Adaptive Learning Rate:

Adaptive optimizers dynamically adjust learning

rates for each parameter during training, helping

models converge faster and avoid local minima.

Popular algorithms include:

e Adam  (Adaptive  Moment  Estimation):
Combines momentum and adaptive learning
rates.

e RMSprop: Adjusts the learning rate based on a
moving average of recent gradients.

e AdaGrad: Adapts learning rates for each
parameter based on historical gradient
information.

e These methods improve learning efficiency and
reduce sensitivity to hyperparameter tuning.

Dropout Regularization:
Dropout is a regularisation method where a fraction
of neurons is randomly deactivated during training.
This forces the network to learn redundant
representations and reduces overfitting. It is
particularly useful when working with small or noisy
datasets, as it promotes model generalisation.
Pretraining:
Pretraining involves training a model (or part of it)
on an unsupervised task before fine-tuning it on a
supervised task. One common technique is using
autoencoders, which learn to reconstruct input data
through an encoder—decoder architecture. Pertained
weights can provide better initialisation and lead to
faster convergence and improved performance,
especially in data-scarce conditions.

Autoencoders (Unsupervised Learning):
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An autoencoder is a type of neural network designed

to learn a compact, meaningful representation of

input data. It consists of an encoder that compresses
the input and a decoder that reconstructs it.

Autoencoders are effective in anomaly detection, as

they tend to reconstruct normal data well but fail on

outliers, leading to higher reconstruction errors.

Outlier Detection Approaches:

Outlier detection identifies data points that deviate

significantly from the majority of the dataset. Two

major approaches are:

e  Clustering-Based Methods: These methods (e.g.,
K-means, DBSCAN) assume that normal data
points form clusters, while outliers lie far from
any cluster centre or in low-density regions.

e (lassification-Based Methods: Algorithms like
One-Class SVM or Isolation Forests learn to
separate normal instances from anomalies by
modelling decision boundaries or isolating rare
instances in the data.

Together, these techniques form the building blocks

of the proposed unified framework, enabling efficient

model training and reliable outlier detection.

Integrating them allows for enhanced learning even

in the presence of noisy, high-dimensional, or

unbalanced datasets.

IV. PROPOSED UNIFIED FRAMEWORK

The proposed framework integrates deep learning
training optimisation techniques with hybrid outlier
detection mechanisms to enhance the robustness and
efficiency of model performance, particularly in real-
world datasets that are often noisy or contain
anomalies.

This unified model is structured into two tightly

integrated modules:

Training Optimization Module:

This module focuses on improving the learning

efficiency and generalisation ability of deep neural

networks. It incorporates the following components:

e Responsive Activation Functions: Advanced
activation functions such as ReLLU, Leaky ReLU,
and Swish are used to prevent vanishing gradient
issues and support deeper architectures.

e Adaptive Learning Rate Optimization: The
model uses optimizers like Adam and RMSprop
to automatically adjust learning rates during
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training, leading to faster convergence and better
handling of complex data patterns.

e Dropout Regularization: Applied during training
to prevent overfitting by randomly deactivating
neurons, forcing the network to learn more
robust features.

e Pretraining via Autoencoders: An unsupervised
pretraining step using autoencoders helps
initialise  network  weights  meaningfully,
especially effective for datasets with limited
labelled samples.

Outlier Detection Module:

This module is designed to identify and manage

anomalies in the input data before or during training,

thus improving model reliability.

e Autoencoder: Based Anomaly Detection:
Autoencoders are first trained on input data to
reconstruct normal patterns. High reconstruction
error indicates potential outliers.

e Clustering-Based Detection: The compressed
features from the autoencoder’s latent space are
clustered using algorithms like K-means or
DBSCAN. Data points that lie far from cluster
centres or in sparse regions are flagged as
anomalies.

o (lassification-Based Detection: Models like
One-Class SVM or Isolation Forest are trained
on the same latent features to detect anomalies
based on decision boundaries.

Unified Workflow:

The end-to-end workflow of the framework is as

follows:

Input data is passed through pre-processing.

e Autoencoders compress the input and reconstruct
it for anomaly scoring.

e  The latent representations are fed into clustering
and classification-based outlier detectors.

e Identified outliers are either removed or handled
using masking/penalty mechanisms.

e The cleaned and refined data is passed into the
optimised training pipeline, which includes
activation  functions, adaptive optimisers,
dropout, and pretraining.

e The final model is trained and evaluated.

This unified framework ensures that the model learns

from high-quality, representative data while also

leveraging advanced training strategies for improved
performance. The integration of outlier detection

INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 989



© October 2025 | IJIRT | Volume 12 Issue 5 | ISSN: 2349-6002

within the training cycle reduces the impact of
anomalies and enhances the model's generalization to
unseen data.

V. METHODOLOGY

The proposed methodology is designed to create a
robust and optimised deep learning model capable of
handling noisy and anomalous data. It integrates
advanced training techniques with hybrid outlier
detection strategies to ensure accurate learning and
effective generalisation. The overall process consists
of the following key stages:

Data Pre-processing:

Raw input data often contains missing values, noise,

or inconsistencies. To ensure model reliability, the

dataset undergoes standard pre-processing steps:

e Handling missing values (e.g., imputation or
removal)

e Normalization or standardization to ensure
uniform feature scaling

e Encoding categorical features (e.g., one-hot
encoding)

e  Splitting the dataset into training, validation, and
test sets

Feature Extraction using Autoencoder:

An autoencoder is trained in an unsupervised manner

to learn compressed representations of the input data.

This serves two purposes:

e It generates latent features that capture the
essential structure of the data.

e It allows for reconstruction error calculation,
which is later used for anomaly detection.

Architecture:

e Encoder compresses the input into a lower-
dimensional latent space.

e Decoder attempts to reconstruct the original
input from the compressed data.

Outlier Detection:

Using the features from the autoencoder’s latent

space, two hybrid approaches are employed:

e  (lustering-Based  Detection: K-means or
DBSCAN is applied to identify data points that
do not belong to any cluster or lie far from
cluster centres.

e Classification-Based Detection: One-Class SVM
or Isolation Forest is trained to separate normal
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data from outliers based on their position in the
feature space.

Data points with high reconstruction error or flagged

by both approaches are marked as outliers. These are

either removed or handled during training by
applying a penalty mask or weight adjustment.

Optimized Deep Learning Model Training:

After filtering or re-weighting, the training data, the

model is trained using the following optimisation

techniques:

e Responsive Activation Functions (ReLU, Swish,
etc.) improve gradient flow and model depth.

e Adaptive Learning Rate Optimisers (e.g., Adam,
RMSprop) dynamically adjust the learning rate
based on gradient feedback.

e Dropout Regularisation is used to prevent
overfitting by randomly deactivating neurons
during each epoch.

e  Pre-training using the encoder weights from the
autoencoder provides better initialisation and
speeds up convergence.

Evaluation Metrics:

The model is evaluated using multiple performance

metrics:

e Accuracy

e  Precision, Recall, F1-score

e AUC-ROC

e Confusion Matrix

e Reconstruction Error for anomaly detection

Additionally, t-SNE plots and other visual tools are

used to interpret the data distribution and outlier

impact.

This hybrid methodology enables the model to not

only learn efficiently from complex datasets but also

remain resilient to outliers and anomalies that
typically degrade performance in traditional deep
learning pipelines.

VI. EXPERIMENTS AND RESULTS

To evaluate the effectiveness of the proposed unified
model, a series of experiments was conducted on
benchmark datasets containing both clean and noisy
samples. The aim was to validate the impact of
training optimisation techniques and hybrid outlier
detection on overall model performance.

Datasets Used:

The following publicly available datasets were used:
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e MNIST (handwritten digits) — for image
classification

e CIFAR-10 — for complex image classification

e KDD Cup '99 — for intrusion detection (anomaly
detection)

e Credit Card Fraud Detection — for outlier-
focused performance testing

Each dataset was modified with controlled levels of

injected noise and outliers to simulate real-world data

irregularities.

Experimental Setup:

e Frameworks Used: Python with Tensor Flow and
Scikit-learn

e Hardware: Intel i7 CPU, 16GB RAM, NVIDIA
RTX GPU

Results and Analysis:

e Model: Deep neural network with 3 hidden
layers (ReLU/Swish), trained using Adam
optimiser

e Autoencoder: Used for feature extraction and
reconstruction error calculation

e  Qutlier Detection: K-means clustering and One-
Class SVM on latent space

e Training: 100 epochs, batch size 64, dropout rate
of 0.3

Performance Metric:

The models were evaluated using:

e Accuracy

e  Precision, Recall, and F1-score

e AUC-ROC for imbalanced data

e Reconstruction Error for anomaly sensitivity

e Training time and convergence speed

Dataset Baseline Accuracy Unified Model Precision | Recall F1- AUC
Accuracy Score
MNIST (clean) 97.2% 98.4% 98.7% 98.4% | 98.5% 0.991
MNIST (with outliers) 89.4% 96.4% 96.1% 95.9% | 96.0% 0.978
KDD Cup ’99 92.8% 97.1% 96.8% 96.9% | 96.8% 0.986
Credit Card (imbalanced) 84.3% 91.6% 90.2% 89.5% | 89.8% 0.962
Component Impact (Ablation Study):
Component Removed Accuracy Drop (%)
Dropout Regularisation -2.5%
Adaptive Learning Rate -3.0%
Outlier Detection Module -5.5%
Pretraining (Autoencoder) -2.9%
This clearly shows that each component contributes improved learning  quality, while adaptive

significantly to the unified model's performance.

Visualisations:

e t-SNE plots demonstrated clear clustering in
latent space after outlier removal.

e Confusion matrices showed reduced false
positives with hybrid detection.

e ROC curves confirmed the model’s superior
performance on imbalanced data.

Conclusion from Experiments:

The unified framework consistently outperformed

traditional deep learning models across all datasets,

especially when anomalies were present. The

inclusion of hybrid outlier detection significantly
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optimizations ensured faster and more stable
convergence.

VII. DISCUSSION

The proposed unified model demonstrates that

integrating deep learning optimisation techniques

with hybrid outlier detection significantly enhances

overall model performance, particularly in complex

and noisy data environments. The results highlight

several important observations and insights:

Benefits of the Unified Approach:

e Improved Learning Efficiency: By using
adaptive learning rates and responsive activation
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functions, the model achieved faster convergence
with fewer training epochs while maintaining
high accuracy.

e Robustness to Noisy Data: The inclusion of
autoencoder-based reconstruction and
clustering/classification-based outlier detection
helped the model filter out or down-weight noisy
and anomalous inputs, which typically degrade
performance in traditional models.

e  Versatility across Domains: The framework was
effective across multiple datasets including
image, intrusion detection, and financial fraud,
showecasing its flexibility and adaptability.

Handling of Outlier and Noisy Data:
Outlier detection was crucial in enhancing the quality
of data used for training. The hybrid method—
combining autoencoder reconstruction errors with
clustering and One-Class SVM—proved more
effective than any single approach. Outlier filtering
not only improved the training data but also
minimized bias introduced by abnormal inputs,
especially in highly imbalanced datasets.

Limitations and Trade-offs:

e Computational Overhead: The use of multiple
modules (autoencoder, clustering, classification)
adds processing time and memory usage, which
may be a limitation in resource-constrained
environments.

e Parameter Sensitivity: Performance of the
clustering-based methods like K-means and
DBSCAN depends on careful tuning of
parameters (e.g., number of clusters, distance
thresholds).

e Complexity of Integration: Integrating multiple
techniques requires a coordinated pipeline, which
may  increase  development time and
maintenance.

e  Better Generalisation: Dropout regularisation and
unsupervised  pretraining  helped  prevent
overfitting, allowing the model to generalise
better to unseen data.

Real-World Application Scope:

This framework can be especially valuable in fields

such as:

e Financial fraud detection

e Healthcare diagnostics

e  Cyber security

IJIRT 185354

e Industrial anomaly detection

Its ability to detect irregular patterns while training
on clean, representative data makes it ideal for
domains where data quality is often compromised. In
summary, the unified model balances performance
optimization and data quality enhancement, making it
a reliable solution for deep learning applications
where accuracy, robustness, and efficiency are
equally critical.

VIII. CONCLUSION

This study presented a unified framework that
effectively integrates deep learning optimisation
strategies with hybrid outlier detection techniques to
enhance model performance, particularly in noisy and
complex data environments. By combining
autoencoder-based feature extraction,
clustering/classification-based anomaly detection,
and training enhancements such as dropout, adaptive
learning rates, and responsive activation functions,
the model achieved superior accuracy and
generalization compared to traditional approaches.
The experimental results validated the robustness of
the proposed model across diverse datasets,
demonstrating its ability to handle outliers, improve
convergence speed, and maintain high classification
performance. The ablation study further confirmed
the contribution of each individual component to the
system’s overall effectiveness. This unified approach
offers a promising direction for developing resilient
and adaptive machine learning systems that can
function reliably in real-world applications such as
fraud detection, network intrusion monitoring, and
medical diagnostics.

IX. FUTURE SCOPE

Future work may explore:

e Real-time deployment of the unified model in
production environments

e Integration with explainable AI techniques to
improve model transparency

e Customisation for domain-specific requirements
(e.g., healthcare, finance, [oT)

The framework lays a strong foundation for building

intelligent systems that are not only accurate but also
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capable of self-correcting through detection and
adaptation to irregular data.
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