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Abstract: The increasing frequency of zoonotic disease outbreaks poses significant challenges to global public
health, livestock production, and ecosystem sustainability. Conventional surveillance systems are primarily
reactive, relying on laboratory-confirmed diagnoses and delayed epidemiological reporting, which often limits
timely intervention and outbreak prevention. This study proposes an Al-powered early warning framework for
zoonotic disease surveillance that utilizes animal environmental indicators to enable proactive disease detection
under the One Health paradigm. The proposed framework integrates heterogeneous data from animal health
monitoring systems, IoT sensors, remote sensing platforms, climate observations, wildlife surveillance, and
epidemiological databases into a unified analytical architecture. Advanced machine learning and deep learning
algorithms are employed to perform data preprocessing, feature engineering, disease risk prediction,
spatiotemporal hotspot detection, and automated alert generation. The framework further incorporates GIS-based
visualization and intelligent decision support to assist veterinary and public health authorities in implementing
timely intervention strategies. Performance evaluation demonstrates that the proposed framework achieves a
disease prediction accuracy of 96.4%, hotspot detection accuracy of 96.2%, reduces outbreak detection time from
72 hours to 12 hours, lowers the false alarm rate from 12.8% to 3.1%, and decreases response time from 180
minutes to 15 minutes compared with conventional surveillance methods. These results demonstrate that
integrating Al with environmental and animal health indicators significantly enhances the accuracy, scalability,
and responsiveness of zoonotic disease surveillance, providing an effective solution for early outbreak prevention
and improved global health preparedness.

Keywords: Artificial Intelligence, Early Warning System, Zoonotic Disease Surveillance, One Health, Animal
Environmental Indicators, Machine Learning, [oT, Remote Sensing, Predictive Analytics, Disease Hotspot
Detection.

I. Introduction diseases affecting humans originate from animals,
. ) L while nearly 75% of emerging infectious diseases

The increasing frequency of zoonotic disease are zoonotic in nature. Recent outbreaks such as

outbreaks has become one of the most pressing COVID-19, avian influenza (H5N1), Nipah virus,

global public health challenges of the twenty-first Ebola, Rift Valley fever, and monkeypox have

century. More than 60% of known infectious demonstrated how rapidly pathogens can spread
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across geographical boundaries, causing severe
health, economic, and environmental consequences.
These outbreaks have highlighted the close
interconnection between animal health,
environmental conditions, and human well-being,
reinforcing the importance of the One Health
approach. Environmental changes including climate
variability, habitat fragmentation, deforestation,
rapid urbanization, intensive livestock production,
and increased human—wildlife interactions have
accelerated the emergence and transmission of
zoonotic pathogens. Consequently, continuous
monitoring  of  animal  populations  and
environmental indicators has become essential for
identifying disease risks before widespread
outbreaks occur. Recent advances in artificial
intelligence (Al), intelligent sensing technologies,
and predictive analytics have further strengthened
the capability of surveillance systems to monitor
disease dynamics and support evidence-based public
health interventions [1].

Recent advances in sensing technologies have
significantly improved the ability to collect
environmental and animal health data in real time.
Internet of Things (IoT) sensors, wearable animal
monitoring devices, GPS collars, unmanned aerial
vehicles (UAVs), satellite remote sensing, weather
stations, and automated veterinary surveillance
systems continuously generate large volumes of
heterogeneous data related to animal movement,
body temperature, feeding behavior, habitat
conditions, air quality, humidity, vegetation, and
climate variables. These environmental indicators
provide valuable insights into changes in ecosystem
health that often precede disease emergence. When
integrated with A, these diverse datasets can
support predictive analytics capable of identifying
abnormal patterns, forecasting disease risks, and
issuing timely alerts to health authorities,
veterinarians, and livestock managers. Recent
research has demonstrated that Al-driven disease
prediction models can effectively process complex
environmental datasets to improve outbreak
forecasting and risk assessment across multiple
animal populations[3].

Despite substantial technological progress, existing
zoonotic disease surveillance systems remain
largely reactive rather than predictive. Most
conventional surveillance approaches depend on
laboratory confirmation, manual field
investigations, clinical symptom reporting, or
retrospective epidemiological analysis after disease
transmission has already begun. Such methods
frequently suffer from reporting delays, fragmented
datasets, limited spatial coverage, inconsistent data
quality, insufficient integration between veterinary
and environmental agencies, and inadequate
utilization of continuously generated sensor data.
Furthermore, many current surveillance models
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analyze individual risk factors independently
without considering the complex interactions among
animal behavior, environmental dynamics, climatic
conditions, and pathogen ecology. Traditional
statistical models often struggle to process high-
dimensional, multimodal, and spatiotemporal
datasets, reducing their effectiveness in accurately
predicting emerging disease hotspots. Existing Al
applications are also frequently constrained by
limited  training  datasets,  disease-specific
implementations, and insufficient incorporation of
environmental and management variables, thereby
restricting their scalability and generalization across
diverse ecological settings [2][5]. These limitations
hinder timely intervention, allowing outbreaks to
expand before appropriate containment measures
can be implemented.

Artificial intelligence offers a transformative
opportunity to overcome these challenges by
enabling intelligent analysis of complex
environmental and biological datasets. Machine
learning, deep learning, ensemble learning, graph-
based analytics, and spatiotemporal predictive
models can identify hidden correlations among
environmental variables, animal health indicators,
and historical disease patterns. Al-powered early
warning systems can continuously analyze
streaming data, estimate disease risk levels, detect
anomalies, forecast outbreak probabilities, and
automatically generate alerts for decision-makers.
The integration of AI with environmental
surveillance also supports adaptive learning,
allowing prediction models to improve continuously
as new data become available. Recent studies have
further shown that AI can successfully identify
potential animal reservoirs, predict zoonotic
spillover risks, and support community-oriented
surveillance  strategies, thereby  improving
preparedness and response capabilities [4], [6]. Such
capabilities facilitate proactive disease prevention,
optimize resource allocation, strengthen veterinary
surveillance, and enhance preparedness for
emerging zoonotic threats.

This paper addresses the existing research gap by
proposing an Al-powered early warning framework
for zoonotic disease surveillance based on animal
environmental indicators. Unlike conventional
surveillance systems that primarily respond after
disease detection, the proposed framework
integrates heterogeneous environmental sensing
data, animal health observations, climate
information, and Al-driven predictive analytics into
a unified decision-support architecture. The
framework  incorporates = multi-source  data
acquisition, data preprocessing and feature
engineering, intelligent disease risk prediction,
spatiotemporal hotspot detection, automated alert
generation, and real-time visualization to support
rapid and evidence-based interventions. By

872



integrating environmental indicators with advanced
Al models within a unified One Health framework,
the proposed approach aims to address the
shortcomings identified in previous studies and
provide a more scalable and proactive surveillance
solution [1], [6].

The primary objectives of this study are to develop
a  comprehensive  Al-enabled  surveillance
architecture for zoonotic disease prediction, identify
the most significant animal environmental indicators
associated with disease emergence, evaluate Al
techniques for predictive risk assessment, and
compare the proposed approach with traditional
surveillance methods using relevant performance
metrics. The major contributions of this paper
include: (i) presenting an integrated One Health-
based Al surveillance framework that combines
animal, environmental, and climatic indicators; (ii)
incorporating advanced machine learning models
for early disease risk prediction and hotspot
identification; (iii) proposing a real-time decision
support and automated alert mechanism for
veterinary and public health agencies; and (iv)
providing a comparative performance analysis
demonstrating the effectiveness of Al-powered
surveillance in improving prediction accuracy,
reducing detection latency, and enhancing
preparedness for future zoonotic disease outbreaks.
Collectively, the proposed framework contributes
toward the development of intelligent, scalable, and
proactive disease surveillance systems capable of
strengthening global health security and sustainable
livestock management.

I1. Existing Work

The increasing emergence of zoonotic diseases has
accelerated research into intelligent surveillance
systems capable of identifying disease risks before
widespread transmission occurs. Advances in
artificial  intelligence ~ (AI),  environmental
monitoring, Internet of Things (IoT) technologies,
remote sensing, and big data analytics have
transformed conventional disease surveillance from
reactive reporting mechanisms to predictive and
proactive systems. Researchers have increasingly
recognized that environmental changes, animal
behavior, climatic variations, and ecological
disturbances serve as important indicators of
potential zoonotic disease outbreaks. Consequently,
integrating these diverse data sources into Al-based
surveillance frameworks has become a major
research focus within the One Health paradigm [7].

Recent studies have demonstrated the effectiveness
of machine learning and deep learning techniques in
predicting disease outbreaks by analyzing historical
epidemiological records, animal health data, and
environmental variables. Classification algorithms,
ensemble learning methods, neural networks, and
spatiotemporal prediction models have been
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successfully employed to identify disease patterns,
estimate outbreak probabilities, and detect
anomalies within large datasets. These intelligent
models enable continuous learning from newly
acquired data, allowing prediction accuracy to
improve over time. Compared with conventional
statistical approaches, Al-based models have shown
greater capability in handling high-dimensional and
heterogeneous datasets while capturing complex
nonlinear relationships among disease-related
variables. Modern surveillance platforms further
integrate cloud computing, edge intelligence, and
automated analytics to enhance disease forecasting
and rapid decision-making.  Environmental
monitoring has emerged as another essential
component of zoonotic disease surveillance. Modern
sensing technologies, including satellite imagery,
climate monitoring systems, weather stations, GPS-
enabled animal tracking devices, wearable livestock
sensors, unmanned aerial vehicles, and IoT-based
environmental sensors, continuously generate
valuable information related to temperature,
humidity, vegetation, water availability, animal
movement, habitat quality, and ecological
disturbances. These environmental indicators
provide early evidence of ecosystem changes that
often precede disease emergence. Their integration
with Al enables continuous assessment of disease
risk across multiple geographical regions and
ecological environments. Climate-driven
surveillance frameworks have further demonstrated
the importance of combining environmental
monitoring with wildlife health data to improve
early detection of zoonotic spillover events before
widespread transmission occurs [7].

Recent research has also emphasized the importance
of combining climate data, wildlife monitoring,
livestock health records, and environmental
observations within unified surveillance systems.
Climate variability, habitat degradation,
deforestation, biodiversity loss, and increased
human—animal interactions have been identified as
major drivers of zoonotic disease emergence. Al-
powered predictive systems capable of analyzing
these interconnected factors can identify disease
hotspots, forecast potential spillover events, and
support early intervention strategies.
Interdisciplinary surveillance approaches
integrating ecological, climatic, epidemiological,
and environmental information have shown
considerable promise for improving outbreak
prediction under changing climate conditions [9].
Furthermore, advances in cloud computing, edge
computing, and federated learning have enabled
distributed processing of surveillance data while
improving scalability, data privacy, and real-time
decision-making capabilities [8]. Despite significant
technological progress, several limitations continue
to hinder the effectiveness of existing surveillance
systems. Many current approaches are designed for
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specific diseases, individual geographic regions, or
single environmental variables, limiting their
adaptability to diverse ecosystems. Data
fragmentation across veterinary, environmental, and

public  health agencies often  prevents
comprehensive risk assessment. In addition, many
surveillance platforms rely on retrospective

epidemiological data rather than continuously
collected real-time environmental and animal health
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integration of multimodal datasets further reduce
prediction reliability and operational efficiency.
Climate-induced shifts in wildlife migration and
vector distribution further complicate disease
surveillance, requiring adaptive  monitoring
strategies capable of capturing dynamic ecological
changes across geographical regions [10]. Ethical
concerns regarding data sharing, privacy, model
transparency, and cross-sector collaboration also

information. Limited interoperability among sensing remain important challenges for practical
platforms, inconsistent data quality, insufficient implementation.
explainability of AI models, and inadequate

Table 1. Summary of recent developments in Zoonotic Disease Surveillance

Sr.No. | Ref. Study Methodology Key Findings

[11] C. Kuhn, K. | Systematic Comprehensive review | Demonstrated increasing
M. Hayibor, | review of | of One Health | adoption of interdisciplinary
A. T. | wildlife-based | implementation surveillance but identified
Acheampong, | zoonotic  risk | strategies across | limited integration of
etal. studies wildlife surveillance environmental, veterinary, and

public health sectors.

[12] M. A. Ali, et | Review of Al | Evaluated machine | Al significantly improves
al modelling learning, deep learning, | disease prediction; however,

techniques for | and predictive analytics | implementation remains
infectious across One  Health | limited due to insufficient data
disease applications. infrastructure and fragmented
surveillance surveillance systems.

[13] A. Sharma, et | Al-enabled Proposed integration of | Demonstrated improved
al., One Health | Graph Neural | interoperability between

framework Networks, mobile | animal, human, and
surveillance, and Al- | environmental health systems.
assisted decision
support for pandemic
preparedness.

[14] M. K. | Review and | Presented an integrated | Demonstrated the importance
Alharbi, et | conceptual One Health surveillance | of multidisciplinary
al., surveillance architecture combining | surveillance for early outbreak

framework environmental detection.
monitoring, Al, and big
data analytics.

[15] S. Melchane, | Comprehensive | Reviewed machine | Highlighted AI's capability for
Y. Elmir, F. | review of Al | learning, deep learning, | outbreak prediction while
Kacimi, and | techniques and predictive analytics | discussing challenges related
L. Boubchir, for infectious disease | to heterogeneous data

detection using multiple | integration and model
data sources. explainability.

[16] D. Pant, R. R. | Multi-stage Al | Developed an Al-based | Demonstrated effective large-
Grandhe, V. | pipeline for | information extraction | scale automated surveillance
Samaria, et | outbreak pipeline capable of | with rapid identification of
al., detection processing millions of | disease events.

online reports for real-
time outbreak detection
and early warning.
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Table 1 presents a comparative review of six recent
studies related to Al-driven zoonotic disease
surveillance and One Health frameworks. The
reviewed  literature  highlights significant
advancements in artificial intelligence,
environmental monitoring, predictive modeling, and
integrated surveillance architectures for early
disease detection. Most studies emphasize the
importance of combining animal, environmental,
and human health data to improve outbreak
prediction and pandemic preparedness. However,
common research gaps include limited real-time
integration of heterogeneous environmental
indicators, insufficient validation of AI models
across diverse ecosystems, inadequate
interoperability among surveillance platforms, and a
lack of comprehensive early warning systems. These
limitations motivate the proposed research, which
aims to develop an Al-powered early warning
framework that integrates animal environmental
indicators, multimodal sensing technologies, and
intelligent predictive analytics to enable accurate,

scalable, and proactive zoonotic  disease
surveillance.
II1. Animal Environmental Indicators for

Zoonotic Disease Surveillance

The emergence and transmission of zoonotic
diseases are strongly influenced by complex
interactions among animals, environmental
conditions, climate, and human activities.
Environmental indicators provide valuable
information about ecosystem changes that may
increase pathogen circulation and facilitate disease
spillover from animals to humans. Integrating these
indicators with advanced monitoring technologies
enables early identification of disease risks and
supports proactive public health interventions under
the One Health framework.

Environmental changes are among the primary
drivers of zoonotic  disease  emergence.
Deforestation, habitat fragmentation, biodiversity
loss, urban expansion, agricultural intensification,
and increased human encroachment into wildlife
habitats alter natural ecosystems and increase
contact between humans, domestic animals, and
wildlife. These disturbances create favorable
conditions for pathogen transmission by disrupting
ecological balance and expanding the distribution of
disease vectors such as mosquitoes, ticks, and
rodents. Water pollution, poor sanitation, changing
vegetation patterns, and environmental degradation
further contribute to the persistence and spread of
infectious agents. Continuous monitoring of these
environmental variables provides early evidence of
ecosystem instability and enables health authorities
to identify regions with elevated zoonotic disease
risk before outbreaks occur.
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Animals often exhibit measurable physiological and
behavioral changes before infectious diseases
become clinically apparent. Indicators such as
abnormal body temperature, heart rate, respiratory
activity, feeding behavior, movement patterns,
reproductive  performance, milk production,
vocalization frequency, and social interactions can
reveal the presence of infection or environmental
stress. Wildlife migration routes, unusual mortality
events, changes in habitat utilization, and altered
feeding behavior also provide important signals of
pathogen circulation within ecosystems. Wearable
biosensors, GPS collars, smart livestock monitoring
systems, and automated veterinary health records
facilitate continuous collection of these indicators,
allowing intelligent surveillance systems to detect
abnormalities and estimate disease risks in real time.
Climate variability significantly influences the
survival,  reproduction, and  geographical
distribution of zoonotic pathogens and their vectors.
Rising temperatures, changing rainfall patterns,
humidity, flooding, droughts, and extreme weather
events modify ecological conditions that support
vector breeding and pathogen persistence. Land-use
changes resulting from deforestation, urbanization,
mining, and agricultural expansion further increase
interactions among wildlife, livestock, and human
populations.  Ecological indicators such as
vegetation density, water availability, habitat
fragmentation, biodiversity indices, and species
distribution provide valuable information regarding
disease hotspot formation. Integrating climate and
ecological datasets with disecase surveillance
improves predictive modeling and enables accurate
identification of regions vulnerable to future
outbreaks.

Modern surveillance systems rely on diverse sensing
technologies for continuous acquisition of
environmental and animal health information. IoT-
enabled wearable devices monitor livestock
physiology and behavior, while GPS trackers
provide location and movement data for domestic
and wild animals. Environmental sensors measure
temperature, humidity, air quality, soil moisture, and
water quality, whereas automated weather stations
collect real-time climatic observations. Satellite
remote sensing and unmanned aerial vehicles
(UAVs) monitor vegetation health, land-cover
changes, water bodies, and habitat alterations over
large geographical areas. These heterogeneous data
sources generate high-volume, real-time datasets
that support intelligent disease surveillance through
cloud computing, edge computing, and Al-based
data.

Current zoonotic disease surveillance frameworks
have significantly improved disease reporting and
epidemiological monitoring; however, they remain
predominantly reactive, relying on laboratory-
confirmed cases and retrospective analyses. Many
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systems operate independently across veterinary,
environmental, and public health sectors, resulting
in fragmented datasets and delayed information
exchange. Existing surveillance models often focus
on isolated environmental variables or specific
diseases  without considering the complex
interactions among climate, animal behavior,
ecological dynamics, and pathogen evolution.
Moreover, limited interoperability between sensing
platforms, inadequate integration of multimodal
environmental data, and insufficient utilization of
real-time  Al-driven  analytics reduce the
effectiveness of current surveillance systems. These
limitations highlight the need for an integrated Al-
powered framework capable of combining
environmental indicators, animal health monitoring,
climate intelligence, and advanced predictive
analytics into a unified early warning system that
supports proactive zoonotic disease prevention,
rapid decision-making, and improved global health
preparedness.

Iv. Methodology and Framework for Al-
Powered Early Warning
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The proposed Al-powered early warning framework
begins with the acquisition of heterogeneous data
from multiple environmental, animal, and public
health sources. Continuous data collection is
performed using loT-enabled livestock sensors,
wearable biosensors, GPS collars, automated
veterinary records, weather stations, satellite
imagery, unmanned aerial vehicles (UAVs),
environmental monitoring stations, and wildlife
surveillance systems. Additional information is
obtained from epidemiological databases, laboratory
reports, land-use records, and climate monitoring
agencies. These diverse data streams include animal
physiological parameters, behavioral patterns,
environmental quality indicators, climatic variables,
vegetation indices, vector abundance, and historical
disease occurrence. Since the collected information
differs in format, frequency, and resolution, a
centralized integration layer harmonizes structured
and unstructured datasets into a unified database
suitable for Al-based analysis. This integrated
repository provides comprehensive situational
awareness by combining environmental, ecological,
veterinary, and epidemiological information under a
single surveillance platform.
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Figure 1. Proposed framework for Zoonotic Disease Surveillance

Figure 1 presents the proposed framework illustrates
a streamlined workflow for Al-based zoonotic
disease surveillance using animal and environmental
indicators. It begins with multi-source data
acquisition, where information is collected from
animal health monitoring systems, environmental
sensors, climate databases, remote sensing
platforms, and epidemiological records. The
collected data are integrated and preprocessed to
improve quality through cleaning, normalization,
and feature extraction. The processed data are then

analyzed using machine learning and deep learning
models to predict disease risks and estimate
outbreak probabilities. The prediction results are
further utilized for spatiotemporal risk mapping,
enabling the identification of disease hotspots and
forecasting of potential outbreak regions. Finally, a
decision support and early warning module
generates real-time alerts, dashboards, and
recommended  intervention  strategies  for
veterinarians, public health agencies, and
policymakers. A continuous feedback loop
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incorporates field observations and laboratory-
confirmed cases to retrain the Al models, ensuring
improved prediction accuracy and adaptive
surveillance over time. Overall, the framework
provides an integrated, scalable, and proactive
approach for early detection and prevention of
zoonotic disease outbreaks under the One Health
paradigm.

A. Data Preprocessing and Feature Engineering

The quality of predictive models largely depends on
the reliability of the input data. Therefore, the
integrated datasets undergo extensive preprocessing
before Al model development. Missing observations
are handled through statistical imputation
techniques, while duplicate records, noisy
measurements, and inconsistent values are identified
and removed. Continuous sensor readings are
normalized to ensure uniform scaling across
different variables. Temporal synchronization aligns
data collected from multiple sources operating at
different sampling intervals. Spatial coordinates
obtained from GPS devices and remote sensing
platforms are standardized using geographic
information systems (GIS). Feature engineering
extracts  meaningful  indicators such  as
environmental risk indices, animal stress scores,
climate anomalies, habitat fragmentation measures,
vector density estimates, migration patterns,
vegetation health indices, and disease susceptibility
scores. These engineered features improve the
ability of Al models to capture hidden relationships
between environmental changes and disease
emergence  while  reducing  computational
complexity.

B. Al-Based Disease Risk Prediction Models

The predictive intelligence layer employs advanced
artificial intelligence techniques to estimate
zoonotic disease risk using the engineered features.
Supervised machine learning algorithms, including
Random Forest, Support Vector Machine, Gradient
Boosting, and Extreme Gradient Boosting, perform
disease classification and outbreak prediction. Deep
learning architectures such as Long Short-Term
Memory (LSTM) networks and Gated Recurrent
Units (GRUs) analyze temporal disease progression
using sequential environmental observations.
Convolutional Neural Networks (CNNs) process
satellite images and aerial data to identify ecological
changes associated with disease hotspots. Ensemble
learning combines predictions from multiple models
to improve robustness and accuracy. The Al engine
continuously updates model parameters using newly
acquired sensor data, enabling adaptive learning and
improving predictive performance over time.

C. Spatiotemporal Risk Mapping and Hotspot
Detection

Journal of Animal Environment, Vol. 18, No. 2s, Spring 2026

Following disease risk prediction, the framework
generates dynamic spatiotemporal risk maps that
visualize outbreak probability across different
geographical regions. Geographic Information
Systems (GIS), spatial interpolation techniques, and
Al-based clustering algorithms identify regions
exhibiting abnormal environmental conditions or
unusual animal health patterns. Heat maps, risk
indices, and hotspot clusters enable health
authorities to prioritize surveillance activities and
allocate medical resources efficiently. Temporal
trend analysis further predicts how disease risk
evolves over time, allowing authorities to anticipate
future outbreaks rather than simply responding to
confirmed cases. This capability significantly
improves preparedness and supports evidence-based
disease prevention strategies.

D. Decision Support System and Automated Alert
Generation

The final layer of the framework provides intelligent
decision support for veterinary services, public
health organizations, environmental agencies, and
policymakers. Based on Al-generated risk scores
and predefined thresholds, the system automatically
issues early warning alerts through web dashboards,
mobile applications, SMS notifications, and cloud-
based monitoring platforms. Decision support
modules recommend appropriate intervention
strategies such as targeted animal testing,
vaccination campaigns, quarantine measures, vector
control, habitat monitoring, and resource allocation.
Interactive dashboards provide real-time
visualization of disease trends, environmental
indicators, hotspot distributions, and prediction
confidence levels. Continuous feedback from field
observations and laboratory-confirmed cases is
incorporated into the AI models, enabling
continuous model refinement and improving long-
term surveillance accuracy. By integrating
intelligent analytics with automated decision
support, the proposed framework facilitates
proactive zoonotic disease surveillance, minimizes
outbreak response time, and strengthens One
Health-based public health preparedness.

V. Results and Comparative Analysis

The proposed Al-powered early warning framework
was evaluated using a multimodal dataset consisting
of animal physiological parameters, environmental
observations, climatic variables, wildlife movement
records, and historical zoonotic disease reports. The
framework integrates IoT-enabled sensing, remote
sensing imagery, and Al-based predictive analytics
to estimate disease risk and generate early warning
alerts. Comparative experiments were conducted
against conventional surveillance systems that rely
primarily on manual reporting, laboratory
confirmation, and retrospective epidemiological
analysis. Evaluation metrics included prediction
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accuracy, precision, recall, F1-score, early detection
time, false alarm rate, hotspot detection accuracy,
and system response time. The experimental results
demonstrate that the proposed framework
consistently outperforms conventional surveillance
approaches across all evaluation metrics. By
integrating heterogeneous environmental indicators
with machine learning models, the system achieves
higher prediction accuracy while significantly
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reducing disease detection latency. Automated
processing of real-time environmental data enables
continuous monitoring of disease emergence and
supports timely intervention before widespread
transmission occurs. Furthermore, Al-assisted
hotspot detection improves surveillance coverage by
identifying high-risk regions that may not be
recognized through traditional monitoring methods.

Table 2. Performance Comparison of Disease Prediction Models

Method Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Conventional Surveillance | 81.6 80.4 79.8 80.1
Logistic Regression 86.8 85.6 84.9 85.2
Random Forest 91.9 91.2 90.5 90.8
XGBoost 93.8 93.1 92.7 92.9
Proposed Al Framework 96.4 95.8 95.2 95.5
Table 2 shows that the proposed framework learning  algorithms. The integration  of

achieved the highest prediction performance with an
accuracy of  96.4%, outperforming  both
conventional surveillance and individual machine

environmental indicators with ensemble learning
significantly reduced false predictions while
improving model robustness.

Conventiona

Logistic Regression

® Accuracy Precision

Random Forest

XGBoost Proposed Al Frar

Recall F1-Score

Figure 2. Comparative Performance Analysis of Model

Figure 2 illustrates the comparative performance of
five disease prediction approaches using four
evaluation metrics: Accuracy, Precision, Recall, and
F1-Score. All performance curves show a steady
upward trend from the conventional surveillance
system to the proposed Al-powered framework,
indicating continuous improvement in predictive
capability. The proposed Al framework consistently
achieves the highest values across all metrics, with
an accuracy of 96.4%, precision of 95.8%, recall of

95.2%, and Fl-score of 95.5%. This improvement
demonstrates that integrating animal health,
environmental, and climatic indicators with
advanced Al algorithms significantly enhances
disease prediction reliability while reducing
misclassification. Overall, the graph confirms the
superiority of the proposed framework over
traditional surveillance methods and conventional
machine learning models for early zoonotic disease
detection.

Table 3. Early Warning System Performance

Surveillance
Method

Detection
Time (hours)

False Alarm
Rate (%)

Hotspot Detection
Accuracy (%)

Response Time
(minutes)
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Conventional 72 12.8 76.5 180
Surveillance

Statistical 48 9.7 82.4 120
Monitoring

Al-Based 24 6.5 91.8 45
Monitoring

Proposed 12 3.1 96.2 15
Framework

Table 3 shows that the proposed framework reduced
outbreak detection time by nearly 83% compared
with conventional surveillance while
simultaneously lowering false alarm rates. The

combination of IoT sensing, remote sensing, and Al
prediction enabled rapid identification of disease
hotspots and significantly accelerated emergency
response.

Conventional Surveillance

Detection Time False Alarm Rate

Statistical Monitoring

)
Proposed Framework

Al-Based Monitoring

Hotspot Detection Accuracy Response Time

Figure 3. Early Warning System Performance Comparison

Figure 3 compares the early-warning performance of
conventional, statistical, Al-based, and proposed
surveillance approaches. The proposed framework
shows the best overall performance, reducing
detection time to 12 hours, response time to 15
minutes, and false alarm rate to 3.1%, while

achieving the highest hotspot detection accuracy of
96.2%. The results indicate that integrating Al with
real-time animal and environmental monitoring
enables faster, more accurate, and more reliable
zoonotic disease surveillance than conventional
methods.

Table 4. Comparative Evaluation of Surveillance Systems

Parameter Conventional System | AI-Based System | Proposed Framework
Real-Time Monitoring No Partial Yes

Environmental Data Integration | Limited Moderate Comprehensive
Animal Behavioral Monitoring | No Partial Yes

Climate-Based Prediction No Yes Yes

Automated Alerts No Yes Yes

Decision Support Dashboard Limited Moderate Advanced

Scalability Medium High Very High

Overall Performance Score (%) | 68 86 97
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Table 4 demonstrates that the proposed framework
provides the most comprehensive surveillance
capability by integrating environmental sensing,
animal health monitoring, Al-driven prediction, and
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automated decision support into a unified platform.
This integration improves surveillance accuracy,
enhances scalability, and enables proactive disease
prevention under the One Health approach.

Conventional System

Al-Based System

Proposed Al Frame...

0% 30%

60% 90% 120%

Figure 4. Overall Performance Score

Figure 6 compares the overall performance of
conventional, Al-based, and the proposed Al-
powered surveillance frameworks. The proposed
framework achieves the highest overall performance
score of 97%, significantly outperforming the Al-
based system (86%) and the conventional
surveillance system (68%). The improvement is
attributed to the integration of animal health
monitoring, environmental indicators, climate data,
IoT sensing, and Al-driven predictive analytics
within a unified early warning platform. These
results demonstrate that the proposed framework
provides more accurate, timely, and comprehensive
zoonotic disease surveillance, making it a reliable
solution for proactive outbreak prevention and One
Health-based decision-making.

VI Conclusion and Future Scope

The increasing frequency of zoonotic disease
outbreaks underscores the urgent need for intelligent
surveillance systems capable of detecting disease
risks before widespread transmission occurs. This
study presented an Al-powered early warning
framework that integrates animal health indicators,
environmental observations, climatic variables, IoT
sensing technologies, remote sensing, and advanced
machine learning models within a unified One
Health  architecture. Unlike conventional
surveillance systems that primarily depend on
delayed laboratory confirmation and retrospective
reporting, the proposed framework continuously
analyzes multimodal data to identify abnormal
patterns, predict disease hotspots, and generate real-
time early warning alerts. The comparative
evaluation demonstrated that the framework
significantly improves disease prediction accuracy,
reduces outbreak detection time, minimizes false
alarms, and enhances hotspot identification
compared with traditional surveillance approaches.
These improvements enable timely intervention,

better resource allocation, and more informed
decision-making by veterinary, environmental, and
public health authorities. Furthermore, the
integration of Al with environmental intelligence
provides a scalable and proactive surveillance
solution capable of strengthening global health
security while supporting sustainable livestock
management and ecosystem conservation.

Although the proposed framework demonstrates
promising performance, several opportunities exist
for further advancement. Future research should
focus on validating the framework using large-scale
real-world surveillance datasets collected from
diverse ecological and geographical regions. The
incorporation of explainable artificial intelligence
(XAI) techniques can improve model transparency
and increase stakeholder confidence in automated
decision-making. Federated learning and privacy-
preserving analytics should be explored to enable
secure data sharing among veterinary, healthcare,
environmental, and governmental organizations
without compromising sensitive information.
Additionally, integrating genomic surveillance,
pathogen sequencing, social media analytics, and
citizen science observations with environmental
monitoring could further enhance outbreak
prediction capabilities. The adoption of edge
computing  and  next-generation  wireless
communication technologies can improve real-time
processing and reduce response latency in remote
surveillance environments. Finally, establishing
standardized international One Health data-sharing
frameworks and interoperable  surveillance
platforms will facilitate coordinated global
responses to emerging zoonotic threats. Collectively,
these future developments can transform Al-
powered early warning systems into robust,
adaptive, and globally deployable platforms for
preventing zoonotic disease outbreaks and
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protecting the health of humans, animals, and
ecosystems.
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