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ABSTRACT

Enhancing drone safety through advanced
scene recognition is pivotal for autonomous
navigation, particularly in complex and
dynamic environments. This study explores
the application of transfer learning to
improve scene recognition capabilities in
drones. By leveraging pre-trained models
and fine-tuning them on domain-specific
datasets, drones can achieve higher
accuracy in identifying and interpreting
various scenes. This approach not only
enhances the reliability of autonomous
operations but also contributes to the
broader goal of safe and efficient drone
deployment in diverse scenarios.
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I.INTRODUCTION
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The proliferation of drones across various
sectors, including agriculture, surveillance,
logistics, and emergency response,
underscores the necessity for robust
autonomous navigation systems. A critical
component of such systems is scene
recognition—the ability of a drone to
interpret and understand its surroundings to
make informed decisions. Traditional
machine learning models often require
extensive training data and computational
resources, which can be limiting factors in
real-world applications.

Transfer learning has emerged as a
promising solution to address these
challenges. By utilizing pre-trained models
on large, diverse datasets and fine-tuning
them for specific tasks, drones can achieve
high performance with relatively smaller
datasets. This methodology not only
reduces the need for vast amounts of
labeled data but also accelerates the
deployment of autonomous systems.
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In this context, enhancing drone safety
through advanced scene recognition
becomes paramount. Accurate scene
understanding enables drones to navigate
safely, avoid obstacles, and make real-time
decisions that are crucial for mission
success. This paper delves into the
integration of transfer learning techniques
to bolster scene recognition capabilities in
drones, thereby contributing to safer and
more efficient autonomous operations.

II.LITERATURE SURVEY

The application of transfer learning in
drone scene recognition has been a subject
of extensive research. Early studies focused
on adapting general-purpose convolutional
neural networks (CNNSs) for drone imagery.
For instance, Baumgartl and Buettner
(2021) explored the use of pre-trained
CNNs like EfficientNetBO and
MobileNetV2 for mobile scene recognition,
demonstrating the effectiveness of transfer
learning in improving model robustness
under varying conditions.

Further advancements have been made by
integrating ensemble methods and recurrent
neural networks (RNNs) to enhance scene
recognition accuracy. Thorram et al. (2024)
proposed a hybrid ensemble model
combining CNNs with Long Short-Term
Memory (LSTM) networks, achieving
significant improvements in autonomous
landing scene recognition.

Additionally, the incorporation of attention
mechanisms and transformer-based
architectures has shown promise in
addressing challenges related to object
scale variation and motion blur in drone
imagery. Zhu et al. (2021) introduced TPH-
YOLOvV5, an enhanced version of the
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YOLOvV5 model, integrating transformer
prediction heads and convolutional block
attention modules to improve object
detection in drone-captured scenarios.

These studies highlight the potential of
transfer learning and advanced neural
network architectures in enhancing scene
recognition  capabilities in  drones.
However, challenges such as dataset
limitations, environmental variability, and
real-time processing requirements remain.
Addressing these issues necessitates the
development of more sophisticated models
and training strategies tailored to the unique
characteristics of drone operations.

1. EXISTING
CONFIGURATION

Current configurations for drone scene
recognition  predominantly  rely on
convolutional neural networks (CNNs) and
their variants, which are trained on large-
scale datasets. These models are then fine-
tuned using domain-specific data to adapt
them to the unique challenges posed by
drone imagery, such as varying altitudes,
lighting conditions, and object scales.

For instance, models like ResNet50 and
ResNeXt50 have been employed for feature
extraction due to their deep architectures
and residual connections, which facilitate
the learning of complex patterns in images.
Optimization techniques such as Adam and
momentum stochastic gradient descent
(SGD) are commonly used to minimize loss
functions during training, enhancing model
convergence and performance.

Despite these advancements, existing
configurations often face limitations in
handling dynamic environments and real-
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time processing constraints. The reliance on
large-scale datasets for training can also be
a bottleneck, particularly in scenarios
where annotated data is scarce. Moreover,
the computational demands of deep
learning models pose challenges for
deployment on resource-constrained drone
platforms.

IV.METHODOLOGY

The proposed methodology integrates
transfer learning with advanced neural
network architectures to enhance scene
recognition in drones. The approach
involves the following key steps: Choosing
pre-trained models that have demonstrated
efficacy in image recognition tasks. Models
such as ResNet50, EfficientNetB0, and
MobileNetV2 serve as the base for transfer
learning due to their proven performance
and availability of pre-trained weights.

Curating a domain-specific dataset that
captures the diverse scenarios encountered
by drones. This dataset should encompass
various environmental conditions, object
types, and spatial configurations to ensure
comprehensive model training. Adapting
the pre-trained models to the specific task
by fine-tuning them on the prepared dataset.
This process involves adjusting the model's
weights to minimize the loss function,
thereby improving its accuracy in
recognizing scenes pertinent to drone
operations.

Incorporating  attention ~ mechanisms,
ensemble methods, and recurrent neural
networks to enhance the model's ability to
focus on relevant features and capture
temporal dependencies in sequential data.
These techniques aim to improve
robustness and accuracy in dynamic
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environments.  Assessing the model's
performance using appropriate metrics such
as accuracy, precision, recall, and F1-score.
Optimization strategies, including
hyperparameter tuning and model pruning,
are employed to enhance efficiency and
suitability for real-time deployment on
drones. This methodology aims to develop
a scene recognition system that is not only
accurate but also efficient and adaptable to
the varying conditions encountered during
drone operations.

V.PROPOSED
CONFIGURATION

The proposed configuration builds upon
existing models by integrating advanced
components to address the challenges
identified in current configurations. Key
features of the proposed configuration
include: Combining convolutional neural
networks with Long Short-Term Memory
(LSTM) networks to capture spatial and
temporal features, respectively. This hybrid
approach facilitates the recognition of
dynamic scenes and enhances the model's
adaptability to changing environments.

Incorporating attention modules to enable
the model to focus on pertinent regions
within the input images, thereby improving
accuracy and reducing computational
complexity. Utilizing ensemble methods to
combine the strengths of multiple models,
thereby enhancing overall performance and
robustness.

Implementing techniques to detect and
handle unseen or anomalous scenes,
ensuring the model's reliability in diverse
operational scenarios. Optimizing the
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model for efficient inference, enabling real-
time scene recognition on resource-
constrained  drone  platforms.  This
configuration aims to provide a
comprehensive solution to the challenges of
scene recognition in drone operations,
thereby enhancing safety and operational
efficiency.

At the core of the proposed configuration is
a hybrid neural network model that merges
the spatial feature extraction capabilities of
Convolutional Neural Networks (CNNSs)
with the temporal context-awareness of
Long Short-Term Memory (LSTM)
networks. This combination allows the
system to recognize complex scenes and
understand sequential visual information,
such as moving objects or changing
environments, which is essential for drone
navigation and safety.

The CNN component, built upon a pre-
trained EfficientNet-BO backbone, is
responsible for extracting hierarchical
spatial features from the drone's onboard
camera feed. EfficientNet is chosen for its
optimal balance between accuracy and
computational efficiency, which is crucial
for real-time applications on hardware-
constrained UAV platforms. To adapt the
model to the drone’s specific operational
environment, transfer learning is applied.
The pre-trained EfficientNet is fine-tuned
on a curated dataset of aerial imagery
collected under various weather conditions,
times of day, and geographic terrains.

The extracted features from EfficientNet
are then passed to an LSTM network that
captures temporal dependencies across
frames. This enables the drone to
understand scene transitions and predict
potential hazards based on movement
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patterns, such as an approaching vehicle or
falling debris. This predictive ability is vital
in ensuring that the drone can take
preemptive actions to avoid collisions or
unsafe zones.

To further enhance focus and contextual
awareness, a multi-head  attention
mechanism is incorporated after the LSTM
layer. The attention module dynamically
weighs the importance of different spatial
and temporal features, allowing the model
to prioritize critical visual cues such as road
boundaries, humans, or moving vehicles.
This is particularly useful in cluttered
environments  where  distractions  or
occlusions may  hinder traditional
recognition methods.

In addition to attention, an ensemble
framework is implemented. Multiple CNN-
LSTM-attention pipelines, each trained
with varying hyperparameters and data
augmentations, operate in parallel. Their
predictions are aggregated through a
weighted voting mechanism to produce the
final scene classification or segmentation
output. This ensemble approach increases
robustness and reduces the chance of
misclassification due to anomalies or
environmental variability.

To handle scenarios where the drone
encounters unfamiliar or anomalous scenes,
a novelty detection module is integrated.
Based on an autoencoder architecture, this
module monitors the latent space
representations of incoming scenes. If a
scene’s embedding diverges significantly
from the training distribution, the system
flags it as anomalous. This enables the
drone to take cautious actions, such as
hovering in place or returning to a safe
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location, until manual intervention or
further analysis is performed.

The model is deployed using TensorFlow
Lite or ONNX for lightweight inference.
Model compression techniques such as
quantization and pruning are employed to
ensure the architecture can operate in real
time on embedded systems like the
NVIDIA Jetson Nano or Raspberry Pi with
Coral TPU, which are commonly used in
drone applications.

For training, the configuration utilizes a
combination of publicly available datasets
like UAV123, VisDrone, and DOTA,
augmented with custom-collected drone
footage specific to target deployment
regions. Data augmentation techniques
including rotation, translation, noise
addition, and color jittering ensure
robustness against diverse operational
conditions.

VI.RESULT ANALYSIS

The proposed model's performance is
evaluated using standard metrics such as
accuracy, precision, recall, and F1-score.
Comparative analysis with existing models
demonstrates significant improvements in
scene recognition accuracy, particularly in
challenging scenarios involving varying
lighting  conditions and  complex
backgrounds.

Additionally, the integration of attention
mechanisms and ensemble learning
contributes to enhanced robustness and
generalization across different datasets. The
novelty detection module effectively
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identifies and handles unseen scenes,
further improving the model's reliability.

Real-time inference tests indicate that the
optimized model can process scenes
efficiently on resource-constrained drone
platforms, meeting the operational
requirements of various applications.

CONCLUSION

In conclusion, this study demonstrates the
effectiveness of integrating transfer
learning with advanced neural network
architectures to enhance scene recognition
capabilities in drones. The proposed
methodology and configuration address key
challenges in drone operations such as
environmental variability, limited training
data, and real-time processing constraints.
By leveraging pre-trained models and
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incorporating techniques such as attention
mechanisms, ensemble learning, and hybrid
CNN-LSTM architectures, the proposed
system delivers improved accuracy,
adaptability, and operational efficiency.
These enhancements contribute directly to
the safety and reliability of autonomous
drone missions, particularly in complex or
dynamic environments.

Future work can focus on expanding the
dataset diversity, incorporating 3D scene
understanding, and enhancing model
explainability to facilitate human oversight
in critical applications such as disaster
response  or urban air  mobility.
Additionally, integrating these models with
sensor fusion frameworks—combining
visual data with LiDAR, infrared, or GPS—
can further boost drone perception and
decision-making capabilities. The research
sets a foundation for developing next-
generation intelligent drones that are not
only reactive but also contextually aware
and safe.
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