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Abstract: Smart wildlife surveillance in protected areas is also an intelligent monitoring system, such as one
that can provide accurate, real-time observations, with limited communication, energy, and computation
resources. This research introduces an edge computing and sensor fusion system combining camera traps,
acoustic sensors, thermal imaging cameras and LiDAR sensors for continuous monitoring of wildlife without
any latency. At the distributed edge nodes, lightweight deep learning models are applied to process multi-modal
data for the purpose of object detection, species classification and localization of the wildlife and send
summarized data to the centralized cloud platform. Under different lighting, vegetation density and weather
conditions, the robustness of the sensor fusion can be improved, and environmental noise can be reduced to
trigger false alarms. The proposed architecture is edge intelligence with adaptive inference, efficient resource
utilization and real-time event notification, which enables quick conservation decision making and anti-
poaching surveillance. High detection accuracy, reliable species identification, low inference latency and
efficient edge resource usage are confirmed by experimental evaluation in a protected ecosystem under various
habitat conditions. Edge computing combined with heterogeneous sensing has been found to provide better
monitoring coverage, scalability, communication efficiency, and operational reliability than traditional cloud-
based ones when compared against them. The proposed framework is scalable, energy efficient and intelligent
solution for ecosystems monitoring and management, wildlife conservation and for next generation of protected
landscapes in remote areas.
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I. Introduction

Protected areas are important for the conservation
of biodiversity, ecological equilibrium and to
prevent the loss of wildlife species through habitat
loss, poaching, climate change and encroaching
people. Within these ecosystems, it is crucial to
have effective monitoring of wildlife populations in
order to gain insight into species behaviour,
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monitoring such as manual field surveys, direct
observations and conventional camera trapping
have been of great value to ecological research, but
they are labour intensive, time-consuming and can
be limited in their ability to provide continuous,
real-time data. These restrictions impact the ability
of conservation authorities to quickly identify and
react to illegal use, animal emergencies and
changing environments. The Internet of Things
(10T), wireless sensor networks, artificial
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intelligence (Al) and edge computing have
revolutionized the way in which wildlife are
monitored; with the former being the most recent
development, it allows for automated data
collection, intelligent processing, and rapid
decision making for wildlife [1]. There are many
cameras, acoustic sensors, thermal imagers, LIiDAR
scanners and environmental sensing devices
recording tremendous amounts of data of different
types that record animal movement and habitat
conditions. Although cloud computing offers
significant computational power to process these
datasets, the need to send high resolution images,
videos, and sensor streams from remote protected
areas to a central server will result in
communication delays, greater bandwidth usage,
higher operational expenses, and reliance on
reliable communication links. Some protected
forests and wildlife reserves may not have regular
or complete communication facilities and
consequently cloud based solutions are not suitable
for time sensitive surveillance applications [2].
There is a new paradigm that comes with a promise
to overcome these challenges—edge computing—
by moving computational intelligence closer to the
data source. Edge devices carry out the following
steps: local preprocessing, extracting features,
object detection and event classification before
sending only relevant data to centralized
management systems. This distributed processing
dramatically cuts down the latency, saves on
bandwidth, increases privacy and strengthens the
system against network failure. Additionally, edge
detection surveillance systems help detect the
presence of wildlife, unauthorized human activity,
and environmental anomalies in real-time which
can aid in rapid action by park and conservation
staff.

However, sensor fusion can be used to improve the
effectiveness of wildlife surveillance by integrating
complementary information  from  different
modalities of sensing. Camera traps can give
detailed visual observation during the day, acoustic
sensors can record the vocalizations that are
species-specific over a longer distance, thermal
cameras can detect animals during low light
conditions and at night time, and LiDAR sensors
can provide 3D information of the structure and
create accurate localization in dense vegetation.
The fusion of these different types of sensing
technologies will lead to a more accurate wildlife
detection and reduce the false alarm rate due to
disturbances in the environment and enhance the
monitoring capabilities under varying
environmental conditions [3]. In addition, multi-
modal sensing reduces the robustness of the system
when some of the sensors are occluded, experience
bad weather, when they are illuminated differently,
or when they fail for a short period of time. Multi-
modal sensor data is crucial to extract meaningful
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knowledge, and plays a central role Al. Small-scale
deep learning models optimized for edge devices
facilitate  real-time object detection, the
localization, classification, and analysis of wildlife
in the wild with minimal computational resources.
Recent optimisation methods such as model
quantization, pruning and efficient neural network
architectures decrease the memory consumption
and inference time, without any significant drop in
the detection accuracy. These features allow for
smart surveillance solutions to provide round-the-
clock, ecological monitoring in an energy efficient
way, on battery-operated edge devices throughout
remote protected landscapes.
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Figure 1. Framework for Smart Wildlife
Surveillance in Protected Areas

Although a significant step has been made towards
the development of intelligent wildlife monitoring,
there are still some unsolved problems. Current
surveillance systems tend to be based on a single
type of sensor, a centralised cloud-based processing
unit and/or a computationally heavy Al model that
does not work on resource-limited systems. Figure
1 shows the envisaged approach to smart wildlife
surveillance in protected areas. Integrating highly
heterogeneous sensors, communication overhead
and lack of real-time processing power still remain
important limitations when it comes to deployment
in large scale protected ecosystems. In addition,
surveillance in different environmental conditions,
complex terrains and different behaviors of the
wildlife is still a great challenge in the research.
This study puts forward an integrated edge
computing and sensor fusion system for smart
wildlife surveillance in a protected area [4] to
overcome these limitations. They integrate multi-
modal sensing, edge intelligence, light-weight deep
learning and distributed processing, facilitating
efficient ~ wildlife  detection and  species
classification and enabling real-time ecological
monitoring. The proposed system combines the
capabilities of edge-based Al with heterogeneous
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sensor fusion to enhance detection accuracy, reduce
latency, optimize resource usage and facilitate
sustainable  biodiversity  protection  through
intelligent, scalable, and resilient wildlife
surveillance.

Il. Related Work

The developments of recent years have been fueled
by the integration of edge computing, wireless
sensor networks, artificial intelligence and multi-
modal sensor fusion technology in the development
of wildlife surveillance. Most of the current
methods used for wildlife monitoring are focused
on collecting information regarding the ecology of
a given species through the use of camera traps,
GPS collars or manual observation. While these
methods have helped to advance biodiversity
assessment and species conservation, they can be
slow to process data, have limited scalability, are
costly to maintain, and require regular visits to the
field [5]. In addition, centralized cloud-based
architectures need continuous communication of
large-volume multimedia information and this will
lead to a high level of communication latency,
bandwidth usage and energy usage, especially
when communication is limited in protected areas
in remote locations. Edge computing has
completely  revolutionized  the intelligent
monitoring of wildlife, by bringing computational
functions closer to the sensors [6]. By
preprocessing the local data, extracting features,
detecting objects and identifying events, the edge-
enabled surveillance system minimizes the
transmission overhead, and then summarizes and
sends data to cloud platforms. Various research
efforts have shown that edge intelligence can
reduce inference latency, increase communication
efficiency, increase privacy, and aid in real-time
decision-making in anti-poaching missions and
ecological monitoring. Optimization techniques
such as quantization, pruning and knowledge
distillation have also been applied to lightweight
deep learning models which can be deployed on
resource-constrained  edge  devices  without
significant drop in detection accuracy [7].

Another research area of the sensors is sensor
fusion which has also gained significance for
achieving robustness in surveillance in various
environments. Camera traps give visual detail of
what was caught, acoustic sensors determine
species identity by sound, thermal cameras locate
animals at night or in poor weather conditions, and
LiDAR sensors create a reliable, 3-D spatial picture
of the vegetation structure and movements of
wildlife. These complementary sensing modalities
provide enhanced detection reliability, reduce false
positive detections due to environmental noise, and
provide continuous monitoring when occlusion,
illumination changes or sensor failure occurs [8].
Recent studies have indicated significant
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enhancements in the localization of wildlife, their
behavior and their habitat assessment using multi-
modal sensing frameworks. Another major
advancement in automated wildlife surveillance is
the use of Al-based algorithms, including
sophisticated object detection, species
classification, and activity recognition, which have
enhanced the system's ability to capture and
interpret wildlife behavior.The integration of Al
algorithms, such as advanced object detection,
species classification, and activity recognition, has
further solidified automated wildlife surveillance,
improving the system's ability to detect and
interpret wildlife's actions. The modern deep
learning architectures, such as lightweight conv net
and efficient transformer-based one, are capable of
high recognition accuracy with computation
efficiency appropriate for deployment at the edge
[9]. However, there remain many systems that still
rely on a single sensor design or cloud-based
processing or on high-performance models that
aren't good for distant protected ecosystems. The
integration of heterogeneous sensors, lack of real-
time inference, communication overhead and
limited energy efficiency are still key challenges
[10]. A summary of recent approaches for wildlife
surveillance using edge computing and sensor
fusion is given in Table 1. As a result, the demand
for integrated edge computing and sensor fusion
frameworks that can provide scalable, low latency,
energy-efficient and intelligent surveillance for
wildlife, to support the conservation of biodiversity
and sustainable management of ecosystems is
increasing.

Table 1. Related Work on Edge Computing and
Sensor Fusion Approaches for Smart Wildlife
Surveillance in Protected Areas
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I11. System Architecture and Methodology

In this section, we outline the proposed architecture
for edge surveillance, the sensing infrastructure, a
multi-modal deployment strategy for suitable
sensors, and the edge processing pipeline for
enabling efficient real-time wildlife monitoring,
distributed intelligence, low latency processing,
and scalable conservation across protected
ecosystems.

A. Overall edge-enabled wildlife surveillance
framework
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The framework for wildlife surveillance proposed
here aims at enabling continuous, low-latency
protected ecosystem surveillance by the integration
of heterogeneous sensing devices, edge computing
nodes, wireless networks, and cloud-based
management services. A variety of camera traps,
acoustic sensors, thermal cameras, LIiDAR units
and environmental sensors are strategically placed
throughout the wildlife habitat, providing
complementary information on the presence,
movement and habitat conditions of animals. These
sensor data are sent to the nearby edge gateways
using the low-power wireless communication
technology like LoRa, Wi-Fi or 5G. Data
preprocessing, noise removal, data synchronization,
feature extraction and lightweight Al inference are
performed locally at the edge to reduce the
communication overhead and response time. The
cloud receives only significant events, compressed
multimedia summary, and analytical summary to
store for a long time and for visualization and
ecological analysis. Conservation officers are able
to view surveillance data via a central dashboard
for tracking wildlife, assessing habitat and alerts on
antipoaching. This distributed system architecture
makes systems more reliable, decreases bandwidth,
quickens decision making, and provides constant
monitoring even in cases of intermittent network
connectivity, providing a suitable system for
remote protected areas and large-scale biodiversity
conservation projects.

B. Protected Area Sensing Infrastructure
Design

The sensing infrastructure aims at providing full
spatial coverage of protected ecosystems while
being energy efficient and reliable and being easily
scalable. The locations of sensors are determined
by habitat suitability analysis, mapping migration
corridors, identifying watering points, and looking
at historical wildlife movement data. Camera traps
are installed in areas that are best for viewing
animals by taking them along animal trails and
feeding sites. Acoustic sensors are spread
throughout forest areas to record species-specific
calls and to identify disturbances created by human
activity, e.g. gun shots or vehicles. In contrast to
thermal cameras that can continuously monitor at
night, LIDAR sensors offer a 3-D structural data to
localise wildlife within dense vegetation with
accuracy. The environmental sensing units
continuously sense the temperature, humidity,
rainfall, atmospheric pressure and the light
intensity, and supply contextual ecological
information. In remote areas, solar powered energy
harvesting systems that recharge the battery
ensures continual operations. Wireless mesh
networking can be used to create a robust network
in which sensing devices and edge gateways can
communicate with each other with redundancy in
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case of node failures. Modular design of the
infrastructure enables easy integration of further
sensors without modifications to the structure. The
proposed infrastructure enables the long term
autonomous operation of the infrastructure, as well
as reliable wildlife monitoring in geographically
diversified and environmentally challenging
protected landscape areas.

C. Multi-Modal Sensor Deployment Strategy
The strategy for deploying the multi-modal sensors
is designed to optimize the capability of the sensors
to detect wildlife and enhance the awareness of the
environment in protected ecosystems. Camera traps
are useful for daytime species identification and
behaviours to be seen at high resolution. The
acoustic sensors are continuously tracking bird and
mammal calls and are able to detect illegal human
activity even if not seen. Thermal imaging sensors
detect warm-bodied creatures at night, in fog and
under low-visibility situations, for instance, dense
plant life. In complex habitats, accurate localization
is possible with the three-dimensional point clouds
created by LIiDAR sensors to accurately describe
the terrain, vegetation structure and animal
positions. At the same time climatic parameters
that affect activity rhythms and habitat suitability
of wildlife are measured by environmental sensors.
The placement of sensors takes into account the
distribution of vegetation, topography, migration
routes, water sources, breeding areas and prior
species occurrence data to ensure maximum
surveillance efficiency. Multi-modal data fusion is
possible thanks to the synchronization of the time
of the sensors. Adaptive sampling strategies
dynamically vary the number of times they sense
based on the activity of the wildlife, saving energy
and yet keeping the level of surveillance the same.
Using a coordinated deployment, heterogeneous
sensor networks enable better monitoring coverage,
monitoring  robustness and  environmental
protection against failures of sensors, or
disturbance in the environment.

D. Edge Node Architecture and Processing
Pipeline

Each edge node is an intelligent processing unit
that is used to collect, analyze and filter multi-
modal sensor data before sending it to cloud
infrastructure. Pre-processing algorithms are used
to denoise, enhance, normalize, synchronize and
correct missing data in incoming data streams from
cameras, microphones, thermal sensors, LiDAR
sensors and environmental sensors. Extracted
features are processed by deploying lightweight
deep learning models optimized for edge hardware
by model pruning, quantization and efficient neural
network architectures. The inference engine
detects, identifies, localizes a wildlife, detects
anomalies and recognizes behavioral events in real-
time. By using the confidence-based filtering
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mechanism, the number of redundant observations
is reduced and only relevant observations are sent,
which leads to significant reduction in the
communication bandwidth.
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Figure 2. Proposed Edge Node Architecture and
Processing Pipeline for Real-Time Smart Wildlife
Surveillance

The intelligent real-time wildlife surveillance is
realized by the efficient edge processing pipeline as
shown in Fig. 2. When the network is down,
processed information is temporarily saved in local
databases to maintain the operation of the system
and synchronize the cloud updates once the
network comes back online. Resource management
modules allocate processor, memory and power
resources dynamically as the computational
demands and battery availability vary. Secure
communications protocols encrypt the information
being transmitted, ensuring the security of sensitive
ecological data. The distributed processing pipeline
ensures fast decision making, effective use of
resources, low operational latency, and scaling out
to large protected wildlife conservation areas.

IV. Sensor Fusion Framework

This section provides an insight into the principles
and methods of multi-modal sensor fusion
integration of camera traps, acoustic sensors,
thermal imaging and LiDAR, which extends the
accuracy of wildlife detection, precision of
localization, environmental awareness and robust
monitoring, and reliable surveillance across
different ecological conditions.

A. Camera trap data acquisition

The proposed wildlife surveillance framework also
includes use of camera traps as the visual sensing
component which are always taking high resolution
images and short video clips of animals with no
impact on their activity. The cameras are
strategically positioned to capture wildlife along
migration routes, feeding grounds, water and
wildlife trails to capture as many species as
possible. The image acquisition takes place only
when animals move, which minimizes the number
of unnecessary images captured and conserves
battery life by use of motion and passive infrared
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(PIR) sensors. Preliminary quality assessment is
conducted at the edge node, discarding the blurr
images, duplicated images and the low information
images. The image enhancement method such as
contrast adjustment, denoising and illumination
normalization enhances the visibility of images
varying in environment. For each observation,
metadata that includes a time stamp, GPS location,
sensor information, and environmental parameters
are attached for ecological analysis. Processed
images are sent to light-weight object detection and
species classification models deployed on the edge
devices. The confidence scores produced by the
Inference Engine governs whether or not the data is
sent to the cloud or stored locally. This smart
acquisition strategy reduces BW usage, enables
efficient  monitoring,  facilitates  long-term
autonomy and offers reliable visual evidence to
evaluate biodiversity, analyze wildlife movements,
research habitat use and anti-poaching surveillance.

B. Acoustic Sensor Integration

In addition to visual monitoring, acoustic sensing
can be used to detect species-specific sounds and
the ambient noise in the forest environment over
large areas where vision might be restricted.
Distributed microphone arrays constantly capture
the birds, mammals, amphibians, insects and
human sounds. To minimize the interference from
wind, rain and vegetation displacement, the
recorded signals are preprocessed at the edge node
by filtering, noise suppression, echo removal and
spectral normalization. Acoustic signatures are
represented in time-frequency domain using time-
frequency representations like spectrograms or
Mel-frequency cepstral coefficients. The light
weight deep learning models are able to identify
each species of vocalization while at the same time
detecting unusual noises such as chainsaws,
gunshots, vehicles or any unauthorized movement
by humans. Events captured by the camera traps
are synchronized with acoustic observations for
confirmation of the wildlife and minimizing of
false detections. The idea of confidence-based
fusion is to fuse evidence from both modalities and
produce surveillance alert prior to that. Adaptive
recording intervals increase the sampling frequency
when necessary for maximum activity of wildlife,
and lower energy usage when less activity occurs.

C. Thermal Imaging Sensor Fusion

Thermal imaging sensors can help to detect
infrared radiation emitted by warm-bodied animals,
allowing for reliable wildlife monitoring even in
the dark of night, under heavy vegetation, fog,
smoke and bad weather conditions. Thermal
sensors do not rely on light as much like traditional
optical cameras, and as a result are ideal for
nocturnal species and for finding hidden wildlife.
Thermal frames captured are pre-processed to
enhance the visibility of objects and thermal
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consistency through temperature normalisation,
contrast enhancement and noise filtering. Deep
learning models are developed on the edge to:
Recognize animal silhouettes, calculate body
angles, and classify animals as wildlife or humans
or vehicles, using thermal imagery. The temporal
relationships of the detected thermal objects with
camera trap observations and acoustic detections
are used to increase the confidence of the
classification. Multi-modal fusion algorithms are
used to help increasing the detection accuracy, and
reducing the false positives that are due to
vegetation movement or environmental heat
sources. Thermal imaging also helps to provide
useful data on the intensity of animal activity and
animal movements in low-light situations. Event
prioritisation mechanisms assigns a score of
confidence before sending summarised information
to cloud servers. Thermal imaging not only
enhances the continuity of surveillance, but also
ensures operational reliability, heightened detection
sensitivity and nighttime conservation monitoring,
ensuring comprehensive wildlife observations in
any lighting or visual conditions.

D. LiDAR and Depth Sensing Integration
Conventional imaging and acoustic monitoring in
protected ecosystems are complemented by a
precise 3D spatial information provided by LiDAR
and depth sensing technologies. LIDAR sensors
transmit laser pulses to create highly precise 3-D
maps of the landscape, vegetation and animal
locations as dense point clouds. The estimation of
object distances and spatial relations by depth
sensors can be used reliably even in highly
vegetated environments where occlusion of the
optical camera can make this difficult. At the edge
node, raw point cloud data are preprocessed, such
as outlier removal, coordinate registration, voxel
filtering, and spatial segmentation, before feature
extraction, thereby making the data suitable for
feature extraction.The raw point cloud data are
preprocessed before feature extraction, such as
outlier removal, coordinate registration, voxel
filtering, and spatial segmentation at the edge node,
making the data suitable for further feature
extraction. Three dimensional structural descriptors
are combined with camera imaging, thermal
observations and acoustic detections to form a
whole picture of the environment. Edge-based
artificial intelligence models use fused spatial
information to determine the location of wildlife,
estimate wildlife trajectory, identify obstacles and
determine the use of habitat. The combined system
is able to properly segment animals from the
background vegetation and terrain and to enhance
object tracking uniformity for the various sensing
modalities used.

V. Edge Intelligence and Al Models
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This section is for the intelligent real-time
inference, energy-efficient  processing, high
accuracy and autonomous wildlife surveillance,
which are the edge Al architecture, lightweight
deep learning models, object detection and wildlife
localization and species classification framework.

A. Edge Al architecture for real-time
inference

The proposed Edge Al architecture is designed to
carry out intelligent data processing at the edge
device that is deployed at various locations in
protected ecosystems, thus avoiding the need for
constant contact with the cloud for wildlife
surveillance. The multi-modal sensor data collected
by the camera traps, acoustic sensors, thermal
cameras and the LiDAR units are initially
synchronized and preprocessed using nhoise
reduction, normalization and feature extraction
algorithms. On board lightweight inference engines
run optimized models for Al to detect wildlife,
classify the species, estimate the location and
detect abnormal events. The communication
bandwidth is significantly reduced and only the
relevant observations, compressed multimedia and
analytical summaries are sent to cloud servers to be
stored for a longer time and be processed
ecologically.

; ; ( . Feature
Sensing H Ingesn% Preprocessing H Edtraction H Al Model
Inference PostprocessH DecisionH Alert HStofage Monitoring

Figure 3. Proposed Edge Al Architecture for Real-
Time Wildlife Detection and Intelligent Edge
Inference Pipeline

Efficient Edge Al architecture for accurate real-
time inference processing of wildlife is shown in
Figure 3. Architectural features include support for
dynamic ~ workload scheduling, memory
optimization, and energy-efficient  resource
allocation to efficiently use hardware resources.
Edge-to-cloud communications are shielded by
secure communication protocols from ecological
data being transmitted. Local caching is used to
keep the operation going in case of a short network
outage. This distributed design provides for low
inference latency, improved system reliability, fast
event notification, easy to scale deployment, and
wildlife monitoring in a continuous fashion
throughout  geographically  distant  protected
conservation areas.
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B. Lightweight Deep Learning Models
Lightweight deep learning models are used to
achieve  accurate  wildlife  detection and
classification, while running efficiently on the low-
power edge computing platform. To make the
model architectures more efficient, they are pruned,
quantized, depthwise separable convolutions, and
compression of the model parameters. These
optimisations allow real time to be used without
compromising too much on the prediction
accuracy. The models work independently on
acquiring visual, thermal, acoustic and depth
information and then share the information to
multi-modal sensor fusion. The use of transfer
learning and data augmentation methods facilitates
the generalization of the model to different wildlife
species, different environment conditions and
seasonal variations of habitat. Further, batch
normalization and efficient activation functions
further speed up inference with numerical stability.
The adaptive model selection enables the
computational resources to be assigned based on
availability of computing power and the priorities
of surveillance. In a continuous incremental update
approach, recognition is improved with continuous
updating of the model based on the new
observation data acquired in the field, while the
model need not be retrained. The lightweight
learning framework enables an energy-efficient
operation, long battery life, deployment in the
edge, and accurate wildlife monitoring, which is
well suited for autonomous surveillance systems in
protected ecosystems, where there is limited
infrastructure and remote locations.

C. Object Detection and Wildlife Localization
The major analytical tasks performed by the
proposed surveillance system are object detection
and localization of the wildlife. The use of edge
based deep learning technology, which interprets
multi-modal  sensor data  from  multiple
synchronized sources, for detecting animals,
determining their location and tracking movement
in protected space. Combined with the thermal
data, the visual image, the point cloud from LiDAR
and the acoustic detections are processed to better
localize in various lighting, vegetation and weather
conditions. The detected objects are enclosed in the
form of bounding boxes and confidence scores are
used to assess the reliability of the detected objects
before reporting the event. Exact localization and
trajectory estimation of wildlife are made possible
using the spatial coordinates of the sensor nodes
that are able to locate them, based on depth sensing
and GPS. Multi-object tracking algorithms are
designed to track the identity of the objects over
multiple consecutive observations, which allows
analyzing the movement and monitoring the
behavior of these objects. Automatically adjusts
confidence thresholds to minimize false detection
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due to motion of vegetation, shadows or
environmental noise. The events detected are
prioritized based on the species conservation status
and ecological value prior to the transmission to the
conservation  management  platforms.  The
integrated localization system enables the precise
mapping of the distribution of wildlife, monitoring
migration corridors, assessing habitat use, rapid
detection of threats and assistance in anti-poaching
surveillance and biodiversity conservation.

D. Species Classification Framework

The proposed species classification framework is
based on the use of edge optimized Al models to
correctly identify wildlife species based on fused
visual, acoustic, thermal and spatial data. By using
sensor fusion techniques, features extracted from
different sensing modalities are fused to enhance
their robustness for classification under complex
environment. All the classification steps are
performed before the final species prediction,
which is feature normalization, dimensionality
reduction, multi-modal feature aggregation and
probabilistic  decision  fusion.  Through a
classification based on confidence, these
observations, which are not certain, will be
identified and marked for verification in the cloud,
while the rest of the observations (high-confidence)
will be locally processed, decreasing the
communication overhead. Transfer learning allows
rapid adaption to new species in the event of
limited number of labeled training samples, while
continual incremental learning integrates new data
from the field, and enhances the recognition
performance over the long term. The classification
accuracy, precision, recall, F1 score, inference
latency, and computational efficiency are taken into
account during performance evaluation, to
guarantee reliable performance on edge hardware.
The framework works well in the separation of
similar-looking species without being sensitive to
illumination variations and background noise and
only a bit sensitive to occlusion. Thus, it offers
reliable inventories of biodiversity, population
counts, ecological monitoring and information for
sustainable management of wildlife and protected
areas.

V1. Experimental Setup

This section provides details on the protected study
area, process for collecting the data, edge
computing hardware, sensor characteristics, and
deployment configuration to fully investigate the
proposed  surveillance system in  realistic
environmental and operational  conservation
conditions.

A. Study area and protected ecosystem
description

The evaluation was done in an enclosed forest area
with abundant vegetation, grasslands, wetlands and
natural water bodies that host various wildlife
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species. Several habitat types are present in the
study area that allow mammals, birds, reptiles and
other protected species to move freely in the study
area in various seasons. To increase the frequency
of observation, surveillance locations were chosen
where they would observe as much wildlife
movement as possible, including areas of wildlife
corridors, feeding zones, and breeding habitats, as
well as historical animal movement. The
illumination, weather, topography and canopy
coverage were Vvariable, presenting realistic
monitoring challenges. Also occasionally, there are
human activities in the protected ecosystem to help
evaluate the ability to detect abnormal events. The
entire ecological landscape provided an excellent
test ground for testing the proposed edge-enabled
sensor fusion based framework for the practical
conservation scenarios and also verified the
effectiveness of the proposed framework for
continuous monitoring of biodiversity and
intelligent surveillance of wildlife.

B. Dataset Collection and Annotation
Synchronized camera traps, acoustic sensors,
thermal imaging devices, LIiDAR sensors and
environmental monitoring units were strategically
placed in the ecosystem under protection to collect
the experimental data. Data was collected
throughout the day and night to record different
activities of the wildlife throughout the seasons and
under different environmental conditions. The data
gathered consisted of thermal frame images, photos
of the animals, audio recordings, 3D point clouds
and environmental data. These observations were
verified and annotated manually, including species
labels, boundaries of the objects, time of
observation, geographical coordinates, identifiers
for the types of observations and activity
categories. Corrupted, duplicated and low
information samples were filtered out of the data
during data quality assessment prior to model
training. The augmentation of the dataset using
standard methods, such as random rotation, scaling,
flipping, brightness and noise injection, increased
the diversity of the data set and enhanced the
generalization of the model. The annotated dataset
was used as a complete set of reference data for
assessing the performance of wildlife detection,
localization and species classification.

C. Hardware and Edge Computing Platform

Low-power edge computing devices with a range
of heterogeneous sensing modules and wireless
communication interfaces were used to implement
the proposed surveillance framework. All the edge
nodes had built-in multicore embedded processor,
artificial intelligence accelerator with GPU,
adequate memory, local storage and rechargeable
battery with solar energy harvesting. The edge
platform operated with light-weight deep learning
models to perform in real-time wildlife detection,
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localization and species classification with low
energy consumption. Depending on the deployment
conditions, LoRa, Wi-Fi and cellular connectivity
were used for communicating between the sensing
devices and edge gateways. Centralized storage,
visualization, model management and historical
ecological analysis were provided by cloud
infrastructure. Redundant processing of visual,
thermal, acoustic and LiDAR data streams with a
stable functioning in  harsh environmental
conditions was supported by the hardware
environment. The distributed architecture enabled a
scalable  deployment, lower latency for
communication and optimized use of resources in
protected ecosystems.

VII. Results and Performance Evaluation

This part assesses the performance in terms of
wildlife detection and species classification, with
high detection accuracy, reliable localization,
efficient edge processing, low communication
overhead and effective multi-modal sensor fusion,
in order to realize effective and intelligence
monitoring of biodiversity in protected ecosystems.

A. Wildlife detection performance analysis
The proposed sensor fusion framework with
support from edge enabled excellent wildlife
detection performance was obtained under various
environmental conditions. The integration of multi-
modal data from camera, acoustic, thermal and
LiDAR sources proved to be very effective in
increasing the accuracy of the detection, while
decreasing false-positive detections due to motion
and illumination variations of the vegetation. The
low latency event detection using efficient
bandwidth utilization at the edge was achieved by
processing the data locally. The effectiveness of
distributed edge intelligence for real-time
conservation surveillance was confirmed through
experimental evaluation, which was successful in
locating the wildlife, tracking objects and
monitoring continuously.

Table 2. Wildlife Detection Performance Analysis

Journal of Animal Environment, VVol. 18, No. 1s, Spring 2026

The framework had an impressive detection
accuracy of 98.41% along with high precision of
97.82%, high recall rate of 98.16% and an F1 score
of 97.99%, which shows that the framework was
able to detect the attacks reliably and with good
balance. The edge-based wildlife detection,
localization, accuracy and low latency is clearly
illustrated in figure 4.
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Performance Metric Value
Total Images Processed 52,840
Total Wildlife Instances Detected 18,672
Detection Accuracy (%) 98.41
Precision (%) 97.82
Recall (%) 98.16
F1-Score (%) 97.99
Edge Processing Latency (ms) 19.8
Event Detection Success Rate (%) 98.12
Wildlife Localization Accuracy (%) 97.64
Communication Bandwidth Reduction (%) 61.38

Figure 4. Performance Evaluation of Edge-Based
Wildlife Detection and Localization Across Key
System Metrics

The average edge processing latency of 19.8 ms is
an indication of the real-time inference capability at
edge nodes. Moreover, 98.12% event detection
success rate and 97.64% of accuracy for tracking
localization of animals indicate a very good
identification and spatial tracking of animals. Also,
communication bandwidth reduced by 61.38%
shows the efficiency of local edge processing,
reducing reliance on the cloud, and enabling
scalable, energy-efficient and continuous wildlife
surveillance.

B. Species Classification Results

Multi-modal sensor fusion of complementary
visual, acoustic, thermal and spatial features
yielded very good recognition results for the
species classification. The lightweight deep
learning models not only achieved high
classification accuracy, but also effectively
performed on resource-poor edge devices. The use
of transfer learning and continuous model updates
did improve the robustness of the recognition,
across the different species and habitat conditions.
Comparative evaluation showed higher precision,
recall and Fl-score when compared with single-
sensor approaches, which provides a reliable

As shown in Table 2, the proposed edge-enabled
wireless wildlife surveillance system is effective in
detecting and monitoring wildlife in protected
ecosystems. 52,840 images were processed, for a
total of 18,672 wildlife detections were successful.

biodiversity  evaluation,  wildlife  inventory
generation, and evidence-based conservation
management.

Table 3. Species Classification Results
Classification Metric Value
Total Species Considered 20

Total Annotated Samples 18,672
Correctly Classified Samples 18,254
Overall Classification Accuracy (%) 97.76
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Precision (%) 97.42
Recall (%) 97.18
F1-Score (%) 97.30
ROC-AUC (%) 99.08
Misclassification Rate (%) 2.24

Balanced Accuracy (%) 97.51

The performance of the proposed species
classification framework with multi-modal sensor
fusion and edge-based Al technique is shown in
Table 3. Twenty species of wildlife were evaluated
with 18,672 samples annotated and 18,254 of those
samples were correctly classified. The overall
classification accuracy obtained by the framework
was 97.76%, which showcases its potential to
classify different wildlife species in different
environments. The classification metrics are shown
in figure 5, which indicates the species recognition
accuracy, reliability and robustness of the species.
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Figure 5. Classification Performance Evaluation
Across Accuracy, Precision, Recall, F1-Score,
ROC-AUC, and Balanced Accuracy Metrics

The precision (97.42%), recall (97.18%) and F1
score (97.30%) show a good balance and reliability
of classification, with a low number of false
predictions. The value of ROC-AUC (99.08%) is
very good, which indicates that the discriminating
power between species classes is excellent.
Additionally, the balanced accuracy of 97.51%
indicates that the intelligent wildlife classification
framework achieves consistent accuracy in all
classes, and the misclassification rate of 2.24%
reveals the robustness and effectiveness of the
proposed intelligent  wildlife  classification
framework.

VI11. Conclusion

In this study, the authors developed an integrated
edge computing and sensor fusion system for smart
wildlife surveillance in protected areas, which
integrates various types of sensors with edge
intelligence to achieve efficient wildlife monitoring
in real-time. It proposes to combine the camera
traps, acoustic sensors, thermal imaging devices,
LiDAR sensors and environmental monitoring
units with distributed edge computing nodes to
locally preprocess these data, fuse multiple
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modalities, detect species, localize them and
classify them into categories. The framework is
expected to substantially decrease communication
latency, bandwidth consumption and reliance on
constant cloud connections, and facilitate quick
conservation decision making, by processing the
data at the source. The lightweight deep learning
models optimized for edge devices help with
providing  accurate  inference  with  low
computational burden, allowing the system to be
deployed in remote and resource-constrained
ecosystem. Multi-modal sensor fusion is effective
in monitoring during various lighting conditions,
with high vegetation, bad weather and at night,
increasing the robustness of the monitoring while
providing high detection reliability and decreasing
false alarm rates. The experimental setup shows
how achievable distributed edge intelligence is to
realize long-term monitoring of wildlife in practice,
while being scalable and energy-efficient. Overall,
the proposed method can provide a reliable and
intelligent  surveillance solution, which can
contribute to the conservation of biodiversity, fight
against poaching, and to the assessment of habitats
and management of ecosystems. Future research
includes federated learning, autonomy of drones,
explainable artificial intelligence, and adaptive
optimization of edge resources to further improve
wildlife surveillance capabilities.
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