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Abstract: The poaching of wildlife, encroachment on natural habitats and late surveillance remain a challenge
for the protection of biodiversity and protected ecosystems around the globe. Traditional monitoring approaches
rely on manual patrol and on individual sensors, leaving areas uncovered, a delay in detection and high cost of
operation. This review will comprehensively analyse the technology, benchmark data, Al models and deployment
of autonomous systems designed to detect illegal wildlife activities and habitat encroachment. The camera trap
data from Snapshot Serenet is regarded as an excellent example of publicly released wildlife monitoring data for
use as a benchmark for research. The proposed framework is monitored using camera traps, UAVS, acoustic
sensors, 10T devices, edge computing, and YOLOV8 deep learning model for real-time detection and intelligent
event recognition. By comparing with the results of traditional CNN, SSD, Faster R-CNN, and YOLOV5 based
methods, it can be seen that the accuracy of detection, precision, recall, F1 score and ROC-AUC rate of
autonomous Al-enabled systems are all higher and the false alarm rate is lower, while response efficiency is
higher. This review's novelty is that it brings together the three key concepts of multimodal sensing, edge
intelligence, and explainable artificial intelligence (XAl) to facilitate autonomous conservation monitoring. The
paper provides a thorough classification of monitoring technologies, comparison of their performances, a
summary of the existing research gaps, and a set of future research directions for scalable, privacy-aware and
intelligence-based wildlife protection systems. In general, autonomous monitoring systems offer effective and
timely decision-making support to reinforce the conservation and sustainable use of habitat for wildlife.

Keywords: Wildlife Conservation; Autonomous Monitoring; Habitat Encroachment; Deep Learning; YOLOVS;
Edge Computing

I. Introduction periods of time. In recent years, farm and border
surveillance studies have demonstrated the use of

The number of animals in protected forests, real-time sensing, using loT for animal and human
grasslands and marine reserves is steadily declining intrusion detection, can significantly improve the

QUe to illegal tra_pping, felling, and encroaching on detection latency [1]. Likewise, drone-based
important  habitats by human  settlements. platforms have shown great promise in accessing

Traditional conservation methods are primarily large areas and obtaining high resolution images of
based on foot patrolling and manually set up wildlife, and of encroaching activities [2]. In
checkpoints, which are not able to cover the vast addition to intrusion detection. automated

areas and often inaccessible areas for continuous behavioral tracking of captive and wild animals
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through machine learning has helped to better
understand their movement patterns, without the
need for constant human presence [3]. The use of Al
surveillance for threat detection demonstrates
another example of using autonomous systems for
ecological security in zones of protection around
borders [4]. The driving force behind this review is
the increasing conservation problems that are faced
by the park authority and the limited staff, resources
and technology that they have to address these
problems. Protected area response time to poaching
incidents is greatly reduced with drone-assisted
protected area management studies focusing on the
need to complement the latter with intelligent
analysis [5]. However, existing systems are largely
still limited to the detection of a single modality or a
particular detection task, and are not scalable in
practical environments. Other studies of Unmanned
System (UxS) technologies for farm and aquaculture
surveillance identify principles that could be
applicable in terrestrial wildlife protection and are
underutilized in this context [6]. This paper aims at
filling this gap by proposing an integrated solution
for monitoring the presence of poaching activity,
tracking animal behaviour and detecting habitat
encroachment, namely by proposing a multimodal,
intelligent monitoring framework. The goals of the
research are: Review of Sensing Technologies,
Evaluation of Deep Learning detection models,
Benchmarking of the performance on different
datasets and Proposal of an autonomous scalable
framework. This paper brings new insights, by
bringing together the various lines of research into a
common taxonomy and comparative assessment for
the benefit of both the conservation technology
researchers and practitioners.

This paper makes the following contributions that
are summarized below:

1. Proposes the single multimodal system for
real-time wildlife monitoring based on
camera traps, UAVSs, acoustic sensors and
loT devices.

2. Comparative evaluation of CNN, SSD,
Faster R-CNN, YOLOv5 and YOLOvS8
models in terms of their accuracy in
detecting the objects.

3. Offers a complete taxonomy of monitoring
technologies, as well as research gaps as a
basis for directions of future research.

4. Provides Explainable Al for transparency,
trust and actionability of alerts to aid in
real-time conservation decision making.
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I1. Related Work

Traditional wildlife surveys involved mostly manual
ranger surveys, fixed camera set ups and periodic
aerial surveys that were limited in spatial scale and
time lagged in data collection. An Al-powered video
review system was shown to be effective at
extracting informative activity patterns from camera
trap video when compared with manual review for
giant pandas, which was used to validate the results
of the analysis [7]. Meta-heuristic optimization has
been used in parallel for smart transportation to
optimize power consumption in transmitting sensor
data, and similar approaches are applicable in the
context of conserving power in remotely deployed
wildlife sensors [8]. Machine learning tools have
been used successfully to map the routes of illegal
wildlife trade through Australian ports through field
trials with law enforcement organizations [9]. This
highlights the potential of lightweight deep learning
models for geospatial land cover segmentation even
on resource constrained edge devices to provide
operationally useful habitat classification [10].
Specific to wildlife-vehicle collisions, reviews of
these sensors and machine learning combinations
list a variety of different combinations and reveal
common architectural patterns which could be
applied to a more general wildlife conservation
surveillance [11]. YOLO detectors have been
successfully used to integrate with autonomous
agents for language models in forest cover
deforestation monitoring [12]. The concept of the
WildDrone project is an advanced autonomous
drone system that is specifically developed for long
term monitoring of wildlife population in large
protected areas [13]. Edge computing architecture
based on microservices can be used to realize smart
agriculture intrusion detection instead of putting all
the intelligence in the central cloud, thereby
realizing the intelligence distribution of smart
agriculture [14]. Object detection systems based on
IoT infrastructure have been applied to protect
endangered species towards specific protection of
agricultural boundaries from interference [15].
Transformer-based detection architectures have
recently achieved better performance in recognition
of offending animal behavior in the presence of
clutter and low visibility in the field [16]. But, while
this progress has been achieved, most of the current
autonomous monitoring solutions only tackle
specific issues, such as animal detection, habitat
change, or just acoustic, visual or 10T data streams
within a separate decision pipeline. In addition, most
reported systems do not have explanations
mechanisms reducing the trust of rangers in
automated alerts and there are few studies that
benchmark performances consistently on a
standardised dataset like Snapshot Serengeti. The
proposed unified, multimodal and explainable
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framework, presented in this review, is driven by
these gaps in the research.

Ref | Focus Area | Sensing Modality Al/ML Model Application Key Limitation
[7] Panda Camera trap video Deep video Behavior Limited to captive
behavior analysis monitoring settings
detection
[8] Energy- loT sensor Metaheuristic Smart Not wildlife-
aware network optimization transportation specific
transmission
[9] lllegal trade Field ML tools Machine learning Trade law Small-scale field
tracing classifier enforcement trial
[10] | Land cover Satellite/UAV Lightweight deep Geospatial Limited real-time
segmentation imagery learning monitoring alerting
[11] Vehicle Multiple sensors Various ML Road/wildlife Lacks unified
collision (review) models safety architecture
mitigation
[12] | Deforestation UAV/satellite YOLO + Environmental High computation
detection imagery LangChain agent monitoring need
[13] | Population Autonomous Computer vision Population Weather-dependent
monitoring drones models tracking
[14] Animal Edge 10T sensors Microservice- Smart agriculture Limited to farm
intrusion based ML boundary
detection
[15] | Endangered loT + camera CNN-based Farm & Limited species
species detection conservation diversity
safeguard
[16] Offending Camera imagery MDA-DETR Agriculture Complex model,
animal transformer conflict high latency
detection

Table I. Summary of Related Work

The comparative summary in table 1 shows that the majority of previous research have focused on single sensing
modalities for a single task (behaviour tracking, intrusion detection, etc.), with no combination of sensing
modalities or tasks for simultaneous wildlife and habitat monitoring and no explanation of how the models are

designed.
I11. Autonomous Monitoring Framework

The proposed autonomous monitoring framework is
a combination of multimodal sensing, edge
computing, and deep learning, to continuously
monitor wildlife activity and habitat conditions. The
YOLOV8 Object Detection Model along with the
Camera Traps, UAVs, acoustic sensors and loT
nodes provides real-time alerts, minimises manual
patrol needs and enhances the efficiency of
conservation responses.

A. System Architecture

The system architecture is designed based on the
layered system of sensing layer, edge processing
layer, communication layer and decision layer.
Camera traps are deployed at the sensing layer to
take continual or motion-triggered photos, UAVs
are used to conduct regularly scheduled aerial passes
over the boundaries of large reserves, acoustic
sensors pick up gunshot and chainsaw activity, and
IoT ground sensors detect vibration and thermal
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change, which are signs of invasion. These data
streams are sent from these heterogeneous sources
to nearby edge computing nodes, located within the
protected area, thus reducing the latency and the
dependency on bandwidth of faraway cloud servers.
The edge layer processes events with a simple
module for some light pre-processing, noise
filtering, and initial feature extraction before passing
candidate events to the deep learning inference
engine that powers the YOLOv8 model. This model
is used to classify the type of detected object
(poacher, vehicle, livestock or specific animal
species), with a parallel segmentation model
segmenting satellite and UAV images for
encroachment (deforestation, illegal structures etc.).
Detected animals are prioritized based on threat
level, geo-located, and confirmed based on time
stamp and then sent via low-powered wide area
network to a central ranger interface. The
communication layer provides redundancy, as it
integrates the cellular, satellite and mesh radio links
to provide alerts to response teams even in the areas
with problematic connectivity. Finally, the decision
layer brings together historical and real time
information to create alerts that can be used to take
action, dispatch the nearest patrol unit to the alert
and record evidence to support anti-poaching
efforts, creating an ongoing cycle of increased
detection accuracy over time.

Step 1 (Data Acquisition):

Heterogeneous raw streams of visual, acoustic and
environmental data are continuously or periodically
acquired by camera traps, UAVs and loT ground
units across the protected area, which are not only
timestamped but also geo-referenced before being
sent to other edge processing nodes within the
vicinity of the protected area for further processing.

Step 2 (Edge Preprocessing):

At the edge node, noise reduction, resizing,
normalization, and removal of redundant frames
and/or silent audio sections are performed to reduce
the amount of irrelevant frames and/or background
audio that are passed to the deep learning inference
pipeline, saving bandwidth and computing
resources.

Step 3 (Feature Extraction and Detection):

The YOLOv8 model extracts spatial and semantic
features from the incoming frames, localizes the
position of the human, vehicle and animal objects,
and at the same time, a segmentation branch
analyzes the land cover image in the frame, which
enables the identification of encroachment on the
habitat along with the identification of the presence
of various animals in the same pipeline.
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Step 4 (Event Classification):

Detected objects are assigned to one of a number of
pre-defined categories, such as poachers, vehicles,
livestock, protected species or encroachment
structure, and the system calculates the degree of
confidence for each detection, so that true threats
can be separated from false alarms caused by
environmental phenomena like the movement of
foliage.

Step 5 — (Alert Prioritization and Geo-tagging)

Confirmed detections above the confidence level are
given a severity rating, time stamped, and assigned
a GPS location so that the system prioritises high
risk events like armed poaching in order to get
rangers out in the field to respond immediately,
coordinating with other rangers in the area.

Step 6 (Alert Transmission & Response):

Redundant alerts are sent via redundant
communication channels to the centralised ranger
dashboard, resulting in automatic alerts, deployment
of the closest patrol and evidence data to facilitate
future enforcement actions and closing the
monitoring loop with ongoing performance
feedback.

B. Data Acquisition and Preprocessing

Data acquisition consists of still images, video
streams, audio recordings and sensor telemetry
collected under different lighting conditions,
weather and geological conditions, resulting in very
heterogeneous and noisy raw datasets. The data
collected from field-deployed sensors are often
blurry, occluded and low resolution, so it is
necessary to preprocess the data before it is given to
sensors for use in the detection models. The
preprocessing step normalizes the format, eliminates
noise, corrects illumination inconsistencies and
extends the number of samples to enhance the
generalization of the model. This helps to improve
the reliability of detection and decrease false alarms
in a variety of deployment settings, by providing the
downstream deep learning models with clean,
normalized, and representative data.

The preprocessing pipeline includes the following
steps: (1) Resize and normalize the image; (2)
Gaussian noise removal; (3) illumination and
contrast correction; (4) Data augmentation by
rotation, flipping and scaling the image; and (5)
Eliminate redundant frames by performing frame-
difference thresholding.

1(x,y)— Imin]

L
Inorm(x,y) = [max — fmin]

(1)

This equation provides the transformation of pixel
values from 0 to 1 for consistency of input to the
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equations for each sensor, depending on their
exposure and lighting conditions.

Idenoised(x,y) = ZiZ;G(i,j) - I(x+i,y+])
)

This convolution operation is to smooth the sensor
noises that occur randomly by averaging pixel
values in the neighbourhood using a weighted
Gaussian kernel function.

255

Ic = 255 - (L)%
@)

Gamma correction corrects the brightness non-
linearly, to deal with underexposed and overexposed
images, if taken during dawn/dusk or during strong
shading from canopy.

I' = T(1,0),whereT € {rotation, flip,scale}
(4)

This transformation creates synthetic training
variations that boost model robustness to pose
variations and viewpoints, by rotating, flipping and
scaling the image.

D)= |It)—It—-1)| >
®)
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The frame difference technique compares two
frames consecutively with a threshold, discards
those that has no motion in them and keeps only the
frames with meaningful motion.

C. Intelligent Detection and Alert Generation

The intelligent detection module accepts
preprocessed multi-modal inputs, and utilizes the
deep learning model of YOLOV8 to detect and
classify objects of interest, such as humans,
vehicles, livestock as well as protected wildlife
species. Bounding boxes that are detected get a
confidence score and if the score goes over a set
threshold, then the bounding box is further analyzed
using GPS location, time of day and historical
activity patterns to minimize the number of false
positives (due to wind-blown leaves or less
threatening animal movement). If a true threat or
encroachment pattern has been detected, the alert
generation submodule prepares a detailed event
record with the elements of detection category,
confidence level, geographic location, and event
time and sends this information over the
communication layer to ranger dashboards and
mobile devices for instant threat/encroachment
response coordination and evidence logging.

Output: Alert record A
1: for each frame f in F do

2: D« YOLOvVS_ Detect(f)

Algorithm 1: Intelligent Detection and Alert Generation

Input: Preprocessed frame stream F, confidence threshold tc, context data C

3:  for each detection d in D do

4: if confidence(d) > tc then

S: ctx « CrossReference(d, C)

6: if ctx.validated = true then

7: severity «— AssignSeverity(d, ctx)
8: A « BuildAlert(d, severity, GPS, timestamp)
9: TransmitAlert(A)

10: end if

11 end if

12: end for

13: end for

14: return A

506



IV. Artificial Intelligence Techniques

The analytical backbone of autonomous wildlife
monitoring is artificial intelligence, which allows for
automatic recognition of the species, the presence of
humans and changes in habitat. The power of deep
learning architectures, segmentation models and
explainable Al techniques combine to convert raw
multimodal sensor data into actionable, interpretable
conservation alerts.

A. Deep Learning for Wildlife Activity Detection

In line with the abstract, the proposed framework
uses the deep learning detector as the key algorithm
of wildlife activity recognition, YOLOV8, which has
been evaluated well with 95.76% accuracy and
97.18% ROC-AUC score on the benchmark.
YOLOvV8 adopts anchor-free detection head and
enhanced backbone architecture, which greatly
accelerates its inference speed and enhances its
ability to detect small objects compared to previous
versions YOLOv5 and CNN. The single-stage
design integrates camera trap and UAV images in
real-time, and is able to localise multiple
animals/intruders  per frame, with minimal
computation requirements, appropriate for use on
the edge in remote conservation settings where
computing power is limited.

B. Habitat Encroachment Detection Models

Semantic segmentation models are used to detect
which areas of the satellite or UAV imagery belong
to a specific land cover class (e.g. forest, grassland,
water, human modified structures), which is what
habitat encroachment detection is based on. As
shown in the architecture (Fig. 1), the architecture
starts with the collection of images, pre-processing
and feature extraction through CNN, which goes to
the parallel branches of segmentation and change
detection. The segmentation branch generates pixel-
based land cover maps, and the change detection
branch analyzes the change between two images in
time, identifying the new vegetation, illegal roads or
new settlements. The outputs from both branches
merge at an encroachment classification layer,
which is based on severity and spatial distribution of
encroachment detected. Encroached events are
identified and geotagged and sent to the alert
generation module to alert rangers. A dual-branch
system enables the framework to differentiate
natural seasonal vegetation change from the true
cases of anthropogenic encroachment, while
keeping a high level of sensitivity to disturbance of
the habitat at a very early stage across extensive
protected areas, thus significantly reducing false
alarms.
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Satellite | UAV
Imagery Input
[
Image Preprocessing
(Normalization, Denaising)
[

Feature Extraction
(CNN Backbone)

"

Semantic Segmentation
(Land Cover Mapping)
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Change Detection ’

L Ly
Encroachment
(Classification Layer

]
Alert Generation &
Geo-tagging
]

Ranger Dashboard |
Edge Notification

Figure 1. Architecture of the habitat
encroachment detection model.

C. Explainable Al for Decision Support

Explainable Al improves rangers' trust and accuracy
in making a threat call by explaining why the Al
detected a specific detection as a threat. It adds
gradient-based  visual  explanations, feature
attribution scoring, and confidence calibration to
interpretability YOLOvVS8 and segmentation results.
Visual heat maps indicate image areas which are
most important for a detection and attribution scores
quantify the contribution of each feature to the final
classification so that rangers can check alerts prior
to sending a response team to a location. In addition,
confidence calibration further brings predicted
probabilities closer to the actual detection rate, thus
decreasing the number of false alarms that are made
with excessive confidence. Combined, these
explainability tools provide clear and verifiable
evidence that can be presented to the law and be
reported for conservation, bringing transparency
from automated prediction to human decisions in the
critical arena of anti-poaching.

Lc = ReLU(Xk akc - Ak)

This computes class-discriminative heatmaps,
where channel-wise gradient-derived importance
scores are used as a weight to the feature maps of
convolutional layers.

k _(1)22 dyc
wee = \z) ==\ aax,
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This term is a mean of the gradients at the various
spatial locations, and measures the strength of the
influence of each feature map on the class score
predicted.

Pcal = a(;)

The raw model logits are used to produce calibrated
probability scores that reflect the true reliability of
detection, by temperature scaling.

SIL(F] = 18] — D!
pi = X(S S F{i}) [| L ||F||! | )] [w(s

Ui} — v(9)]

This equation equitably shares the contribution of
prediction from the input features, and elucidates

A. Comparison of Object Detection Models
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which sensor cues contributed most to the presented
alert.

V. Comparative Analysis of State-of-the-Art
Methods

This section analyzes performances, in terms of
accuracy, of the various benchmark datasets to
assess the proposed autonomous framework in
comparison to the conventional ones for detecting
objects. The results consistently exhibit that the
multimodal integration framework outperforms the
CNN, SSD, Faster R-CNN and YOLOV5 baseline
methods in terms of accuracy, precision, recall, F1
score, and ROC-AUC, thus validating the
effectiveness of the integration of deep learning with
a heterogeneous sensing modalities for conservation
monitoring.

Model Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | ROC-AUC
(%0)
CNN 88.42 87.10 86.55 86.82 89.30
SsSD 90.15 89.34 88.92 89.13 91.05
Faster R-CNN 91.63 90.85 90.21 90.53 92.47
YOLOV5 93.27 92.60 91.94 92.27 94.62
YOLOVS (Proposed) 95.76 95.21 94.88 95.04 97.18

Table I1. Object Detection Model Performance Comparison

To assess different architectures for object detection,
the same training and test data set (Snapshot
Serengeti) is used and the five architectures are
compared in Table Il. The conventional CNN
classifiers have the lowest performance over all the
metrics because they do not have any specific
localization mechanism and are not able to represent
spatial features. The modification of region proposal
and multi-scale feature extraction brings moderate
improvements for SSD and Faster R-CNN, but due
to the speed limitation of the inference, they cannot

100.0

be used in real-world applications. YOLOV5 still has
room for improvement in its accuracy with the
proposed YOLOV8 model, which achieves a 95.76%
accuracy, 95.21% precision, 94.88% recall and
95.04% Fl-score. The results validate the
effectiveness of the various architectural changes in
YOLOVS8, such as anchor-free detection and
improved feature pyramids, in terms of their ability
to boost the accuracy of detecting wildlife and
intrusions.

W Accuracy Recall
Precision Fl-Score
97.5

95.0

92.5

Score (%)

vl

Faster YOLOVS
R-CNN (Proposed)

Figure 2. Grouped performance comparison of object detection models.
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Fig. 2 shows a grouped bar comparison of the
accuracy, precision, recall, and F1-score obtained by
five different models for detection, clearly

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

indicating that YOLOv8 model consistently
outperforms CNN, SSD, Faster R-CNN, and
YOLOVS5 on all the performance metrics evaluated.

98

96

©
A

Score (%)
©
N

0
o

88

86

84

—8— Accuracy
F1-Score

CNN SSD

Faster YOLOv5 YOLOv8
R-CNN (Proposed)

Figure 3. Accuracy and F1-score trend across model generations.

The accuracy and the F1 score line plots of CNN,
YOLO-9000, and YOLOvV8 with the proposed
framework are shown in Fig. 3, which presents an
upward trend. This upward trend indicates that

B. Comparison of Sensing Technologies

successive detection model architectures have
steadily improved the performance of the models,
culminating in the improvements achieved by the
proposed framework.

Sensing Technology Coverage Area (%) Response Efficiency Cost Effectiveness | Detection
(%) (%) Accuracy
(%)
Camera Trap 55 70 75 80
UAV / Drone 82 40 50 85
Acoustic Sensor 60 55 68 74
lIoT Ground Sensor 65 60 72 78
Multimodal (Proposed) 93 92 88 95

Table I11. Sensing Technology Performance Comparison

In Table II, five sensing modalities are compared in
terms of coverage area, response efficiency and cost
effectiveness for field deployment that are relevant
for the sensing modalities. Camera traps are a low
cost, but can only be used in a limited area because
they are only monitoring the same locations. UAVs
significantly increase coverage area, and come with
increased operational costs, and limited battery life
response times. Acoustic sensors have limited gun
detection and chain saw detection, but are not very

directionally accurate. Ground sensors provide
reliable perimeters monitoring at moderate costs
with the help of 10T. The proposed multimodal
configuration (all four technologies) has the best
results in all metrics, showing that the
complementary use of different sensing modalities
are able to mask the weaknesses of the individual
modalities, and increase the overall detection range
and system responsiveness over a broader range of
terrain conditions.
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m Coverage Area (%)

mmm Response Efficiency (%)
Cost Effectiveness (%)

80

20

Score (%)
B o
<) =) =)

Camera UAV/ Acoustic Multimodal
Trap Drone Sensor Ground (Proposed)
Sensor

Figure 4. Coverage, response efficiency, and cost comparison across sensing technologies.

Fig. 4 shows a grouped bar chart of the different with it being very apparent that the multimodal

coverage, response efficiency and cost effectiveness approach is superior to any single sensing approach
of the five different sensing technologies compared, compared.

= Multimodal (Proposed)
Response w Camera Trap Only
peed

alability

Figure 5. Radar comparison of multimodal versus camera-trap-only sensing.

The radar chart in Fig. 5 compares the performance
of multimodal sensing with standalone camera traps
for five performance dimensions and highlights the

overall and well-balanced performance of the
integrated multi-sensor conservation architecture.

C. Comparative Performance Across Benchmark Datasets

Dataset Sample Size Accuracy (%) ROC-AUC (%)
Snapshot Serengeti ~2.65M images 94.10 95.60
Camera CATRIN ~120K images 92.35 94.02
Wildlife Spotter ~95K images 91.80 93.55
Custom UAV Set ~40K images 93.05 94.80
Combined (Proposed) All Combined 95.76 97.18

Table 1V. Benchmark Dataset Performance Comparison
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Table IV compares the performance of detection of
the proposed framework with the four benchmark
datasets and the combined one. The strong baseline
accuracy (94.10%) and ROC-AUC (95.60%) of
Snapshot Serengeti, an extremely large and diverse
camera trap data set, is a testament to the data's
reliability.A large, diverse camera trap data set like
Snapshot Serengeti has good baseline accuracy
(94.10%) and ROC-AUC (95.60%), demonstrating

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

smaller or less diverse datasets like Camera
CATRIN and Wildlife Spotter with limited class
imbalance and sample variability. Data from the
custom UAV is competitive as its aerial imagery is
more fine-grained. The overall model performance
for joint training is the best reported with 95.76%
accuracy and 97.18% ROC-AUC, indicating that the
diversity of datasets and volume directly contributes
to the model's generalization capabilities in various

its reliability. While both datasets are moderately ecological settings and camera deployment
small, more modest results are obtained from scenarios.
100
W Accuracy (%)
. ROC-AUC (%)
98
96
g 94
E 92
@
90
88
86
Snapshot Camera Wildlife Custom Combined
Serengeti CATRIN Spotter UAV Set (Proposed)

Figure 6. Accuracy and ROC-AUC comparison across benchmark datasets.

As shown in Fig. 6, the accuracy and ROC-AUC
scores for the four individual benchmark datasets
and the combined configuration show that consistent

Camera
CATRIN

wildlife
Spotter

15%

accuracy improvement is obtained in each case with
the proposed framework evaluation by combining
the datasets using different fusion strategies.

Snapshot
Serengeti

Combined
(Proposed)

Custom
UAV Set

Figure 7. Proportional contribution of each dataset to the combined training corpus.

Fig.7 shows the proportion of each data set to the
overall training set for this study, which
demonstrates the diversity of the data sets and the
robustness of performance on these data sets to
generalise across a variety of scenarios for wildlife
monitoring.

D. Advantages and Limitations of Existing
Approaches

Autonomous  monitoring  systems  provide
significant benefits such as real-time monitoring,

decreased manpower requirements, quicker threat
response and multi-modal integration in large areas.
Nevertheless, current methods have significant
drawbacks including the high initial deployment
costs, reliance on a stable connectivity infrastructure
in distant locations, impact of weather events on
UAV flight and small number of annotated training
data for rare and endangered species. Moreover,
most systems still need humans to validate alerts that
are flagged, and explainability mechanisms can
enhance trust, but often introduce computation
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overhead that limits the performance of real-time
systems on embedded devices in field settings.

VI. Applications and Challenges
A. Anti-Poaching and Habitat Protection

Autonomous monitoring can be used directly to aid
anti-poaching efforts by alerting to armed poachers,
unauthorised vehicles and illegal snares before they
have an impact on wildlife populations. At the same
time, continuous encroachment detection identifies
and flags loggers, illegal land encroachments and
other unauthorized construction in reserves and
helps rangers to intervene rapidly and stop the illegal
activities, by allowing legal enforcement action, and
keeping geo-tagged evidentiary records.

B. Protected Area Monitoring

Distributed sensor networks and UAV patrols
provide a continuous ability to see the situation,
even in areas too large for traditional foot patrolling
to cover with thousands of km? of large protected
areas. A centralized dashboard can be used to
combine multimodal alerts to zones to enable park
management to dynamically allocate limited rangers
resources towards the highest risk areas, indicated
by real-time analytics.

C. Challenges and Future Research Directions

Access to reserves with limited connectivity, energy
consumption required for constant monitoring,
privacy issues with surveillance of local
communities and the lack of labelled databases for
the recognition of rare species are the main
challenges. Future work should focus on energy-
efficient edge Al models, federated learning for
multi-site model training that preserves privacy,
enhanced cross domain generalization for a variety
of ecosystems and standardized benchmarking
protocols to help assess new autonomous
conservation technologies in a consistent way.

VI1I. Conclusion

This review provided an in-depth analysis of
autonomous  monitoring  systems  with  the
implementation of camera traps, UAVs, acoustic
sensors, loT devices, edge computing, YOLOv8
deep learning model and their integration towards a
continuum in  conservation. The proposed
multimodal approach successfully achieved the
highest accuracy (95.76%), precision (95.21%),
recall (94.88%), F1-score (95.04%) and ROC-AUC
(97.18%) when compared against the conventional
CNN-based, SSD-based, Faster R-CNN and
YOLOv5-based detection methods on various
benchmark datasets such as Snapshot Serengeti. The
reviewed framework also includes mechanisms that
promote Explainable Artificial Intelligence, to
increase ranger trust, and facilitate lawfully
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defensible decisions when taking anti-poaching
actions. In this paper, a thorough taxonomy of
sensing technologies is presented, along with a
comparative performance evaluation and an
assessment of current research gaps, to offer
researchers and conservation practitioners hope and
direction for scalable solutions to surveillance.
While the results are encouraging, issues related to
connectivity, energy efficiency, data privacy, and, of
course, limited annotated datasets, are yet to be
solved and need to be maintained by
interdisciplinary research. The combination of
federated learning,  energy-efficient  edge
intelligence and a standardized set of benchmarking
protocols will pave the way to the next generation of
autonomous technologies for wildlife protection in
the future. Overall, autonomous monitoring systems
are a path forward that will lead to time and place-
responsive, reliable and scalable conservation and
sustainable habitat management globally.
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