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ABSTRACT
Artificial intelligence (AI) has emerged as a transformative technology in zoological sciences, providing innovative solutions for biodiversity conservation, ecological research, aquaculture management, fisheries, toxicology, and environmental monitoring. Advances in machine learning, deep learning, computer vision, bioacoustics, remote sensing, and Internet of Things (IoT) technologies have significantly enhanced the collection, processing, and interpretation of complex biological and environmental data. This review examines the diverse applications of AI in species identification, taxonomy, animal behaviour analysis, wildlife monitoring, population assessment, disease surveillance, and zoo management. It further highlights the growing role of AI in ecology and biodiversity conservation through habitat mapping, species distribution modelling, ecological forecasting, climate change assessment, and conservation planning. In aquaculture and fisheries, AI-driven technologies support precision feeding, water-quality monitoring, biomass estimation, disease diagnosis, stock assessment, and sustainable resource management. The review also explores emerging applications of AI in toxicology and ecotoxicology, including predictive toxicity modelling, environmental risk assessment, biomarker discovery, and alternative approaches to animal testing. Despite its considerable potential, AI faces challenges related to data quality, algorithmic bias, model interpretability, computational infrastructure, ethical concerns, cybersecurity, and regulatory governance. Future developments in explainable AI, multimodal systems, digital twins, environmental DNA analytics, and autonomous monitoring platforms are expected to further advance zoological research and sustainable environmental management.
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1. INTRODUCTION
AI has emerged as one of the most transformative technologies in modern science, enabling the processing of large datasets, recognition of complex patterns, and generation of predictive insights. Advances in machine learning (ML), deep learning (DL), computer vision, natural language processing, and big-data analytics have created unprecedented opportunities across biological and environmental sciences. In zoological sciences, which have traditionally relied on field observations, ecological surveys, specimen identification, and experimental investigations, AI is increasingly being adopted to address challenges associated with biodiversity loss, environmental degradation, climate change, emerging diseases, and sustainable resource management (Zhang et al., 2023; Han et al., 2023; Kumar & Deepak, 2025).
The rapid growth of ecological datasets generated from camera traps, drones, satellite imagery, acoustic sensors, biologging devices, environmental DNA (eDNA), and citizen-science platforms has transformed zoological research. Conventional analytical approaches often struggle to manage such large and heterogeneous datasets, whereas AI techniques provide efficient solutions for automated species identification, behavioural analysis, habitat assessment, population estimation, and ecological forecasting (Christin et al., 2019; Weinstein, 2018; Wäldchen & Mäder, 2018; Tabak et al., 2018). These technologies have significantly improved the speed, accuracy, and scalability of biodiversity research.
AI has become particularly important in wildlife ecology and biodiversity conservation. Machine-learning models are increasingly applied to species distribution modelling, habitat suitability assessment, conservation prioritization, and climate-change impact prediction (Tuia, 2022; Evans et al., 2011; Fergus et al., 2024). Similarly, computer vision and deep learning systems can process large volumes of camera-trap images and acoustic recordings, enabling continuous monitoring of wildlife populations and ecosystems (Zhang et al., 2025; Vélez et al., 2023). The integration of AI with citizen-science initiatives has further expanded biodiversity monitoring through automated species recognition and large-scale ecological data collection (Kelling et al., 2013; Advancing Biodiversity Conservation Through AI-Powered Species Classification, 2025).
In ecology, AI-driven approaches have enhanced remote-sensing analysis, land-cover classification, habitat mapping, forest monitoring, and ecosystem modelling (Christin et al., 2019; Stupariu et al., 2022; Frazier & Song, 2024). Explainable Artificial Intelligence (XAI) has further improved model interpretability, increasing confidence in ecological predictions and conservation decision-making (Ryo et al., 2021; Han et al., 2023).
The aquaculture sector has also experienced significant technological advancement through AI-based systems. Applications such as precision feeding, water-quality monitoring, disease diagnosis, growth prediction, stock assessment, and intelligent farm management have improved productivity and sustainability (Mustapha et al., 2021; Wang et al., 2021; Vo et al., 2021; Yang et al., 2025). The integration of AI with the Internet of Things (IoT), cloud computing, and sensor networks has facilitated the development of smart aquaculture systems capable of real-time monitoring and automated decision-making (Chiu et al., 2022; Hu et al., 2023; Lu et al., 2022).
AI is also transforming toxicology and environmental risk assessment. Machine-learning models can predict chemical toxicity, identify biomarkers, assess environmental risks, and support alternative testing strategies, reducing the dependence on animal experimentation (Martinez et al., 2026; Anapana, G and Gudivada, 2020). By integrating biological, chemical, and environmental datasets, AI-driven toxicological frameworks improve predictive accuracy and support evidence-based regulatory decisions.
The convergence of artificial intelligence (AI) with genomics, bioinformatics, environmental DNA (eDNA), omics technologies, remote sensing, and environmental monitoring systems is driving a new era of integrative zoology (Abbas et al., 2025; Von der Heyden et al., 2025; Naser, 2025). These interdisciplinary approaches enhance understanding of species interactions, ecosystem functioning, evolutionary processes, and human impacts on biodiversity. Despite its immense potential, AI faces challenges related to data quality, algorithmic bias, model interpretability, computational demands, ethical concerns, and unequal technological access (Zhang et al., 2023; Kumar & Deepak, 2025; Fergus et al., 2024). Addressing these issues is essential for sustainable zoological research and environmental management.
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Figure 1. Evolution of Artificial Intelligence Applications in Zoological Sciences.
 The chronological evolution of AI applications in zoological sciences illustrates the transition from traditional zoological investigations to machine learning, deep learning, explainable AI, and generative AI-driven research frameworks.
Therefore, this review aims to provide a comprehensive synthesis of current applications, technological advances, challenges, and future prospects of artificial intelligence in the zoological sciences. Particular emphasis is placed on its transformative roles in ecology, aquaculture, toxicology, and biodiversity conservation. By critically examining recent developments and emerging trends, this review highlights how AI is reshaping zoological research and contributing to the sustainable management of biological resources in an increasingly data-driven world.
2. LITERATURE SEARCH METHODOLOGY
This review synthesizes current knowledge on the applications, advances, challenges, and future prospects of artificial intelligence (AI) in zoological sciences, with particular emphasis on ecology, biodiversity conservation, aquaculture, fisheries, toxicology, and ecotoxicology. A systematic literature search was conducted using major scientific databases, including Web of Science, Scopus, Google Scholar, PubMed, ScienceDirect, SpringerLink, Wiley Online Library, and CrossRef.
The search employed combinations of keywords and Boolean operators such as “Artificial Intelligence”, “Machine Learning”, “Deep Learning”, “Computer Vision”, “Zoology”, “Wildlife Monitoring”, “Animal Behaviour”, “Ecology”, “Biodiversity Conservation”, “Species Identification”, “Aquaculture”, “Fisheries”, “Fish Disease Detection”, “Toxicology”, “Ecotoxicology”, “Environmental Monitoring”, “Environmental DNA (eDNA)”, “Remote Sensing”, “Bioacoustics”, and “Conservation Technology”. Additional topic-specific searches were conducted to identify emerging trends and interdisciplinary developments relevant to zoological sciences.
Publications published between 2010 and 2026 were primarily considered, with emphasis on recent studies reflecting current technological advances. Foundational publications published before 2010 were included where necessary to provide historical and conceptual context. Following the removal of duplicate records, titles, abstracts, and keywords were screened for relevance. Eligible publications were evaluated based on scientific quality, methodological rigor, and relevance to AI applications in biological and environmental sciences.
Research articles, review papers, conference proceedings, book chapters, and selected authoritative reports were included. Studies focusing on wildlife biology, ecology, biodiversity conservation, aquaculture, fisheries, toxicology, ecotoxicology, and environmental monitoring were prioritized, whereas publications unrelated to biological applications of AI or lacking sufficient methodological information were excluded.
The selected literature was organized into thematic categories, including AI fundamentals, applications in zoology, ecology and biodiversity conservation, aquaculture and fisheries, toxicology and ecotoxicology, challenges and ethical considerations, and future perspectives. This approach facilitated a structured synthesis of current developments while highlighting emerging opportunities for AI-driven innovation in zoological sciences.
3. FUNDAMENTALS OF ARTIFICIAL INTELLIGENCE IN ZOOLOGICAL SCIENCES
Artificial intelligence (AI) refers to computational systems capable of performing tasks traditionally associated with human intelligence, including learning, reasoning, pattern recognition, decision-making, and prediction. Since its emergence, AI has evolved from rule-based expert systems to advanced machine learning and deep learning frameworks capable of analysing large and complex datasets. Early ecological applications relied on expert systems for natural resource management (Rykiel, 1989), whereas advances in computational power, cloud computing, and big-data analytics have transformed AI into a powerful tool across biological sciences.
In zoological sciences, AI facilitates the analysis of diverse datasets generated from field surveys, camera traps, acoustic sensors, remote sensing platforms, satellite imagery, environmental DNA (eDNA), genomics, and sensor-based monitoring systems. The increasing volume and complexity of biological data have created a need for automated analytical approaches capable of extracting ecological information at unprecedented spatial and temporal scales (Zhang et al., 2025; Han et al., 2023).
Machine learning (ML), a major branch of AI, enables computers to learn patterns directly from data without explicit programming. Supervised learning methods such as Random Forests, Support Vector Machines (SVMs), Artificial Neural Networks (ANNs), and Gradient Boosting Models are widely used for species distribution modelling, habitat suitability assessment, biodiversity monitoring, population estimation, and disease prediction (Evans et al., 2011; Tuia, 2022; Pichler & Hartig, 2023). Unsupervised learning assists in identifying ecological patterns and behavioural classifications, whereas reinforcement learning shows potential for adaptive ecosystem management and autonomous monitoring systems. These approaches have substantially improved ecological forecasting, climate-change modelling, and conservation planning (Han et al., 2023; Kumar & Deepak, 2025).
Deep learning (DL), an advanced subset of ML, utilizes multilayer neural networks to automatically extract hierarchical features from large datasets. Convolutional Neural Networks (CNNs) have demonstrated remarkable success in image-based species identification, wildlife detection, camera-trap classification, habitat monitoring, and behavioural analysis (Christin et al., 2019; Weinstein, 2018; Wäldchen & Mäder, 2018). CNN-based systems can achieve expert-level accuracy while dramatically reducing manual processing requirements (Tabak et al., 2018). Deep learning has also transformed acoustic ecology through automated classification of animal vocalizations from birds, amphibians, insects, and marine mammals (Zhang et al., 2025; Shariq, 2026). Furthermore, DL models support behavioural ecology, remote sensing analysis, habitat mapping, and ecosystem assessment (Jeantet et al., 2026; Liu et al., 2026; Audira et al., 2026; Frazier & Song, 2024; Buchelt et al., 2024).
Computer Vision (CV), a specialized AI domain, enables automated interpretation of images and videos. Integrated with camera-trap systems, CV significantly improves wildlife monitoring by automating species recognition and population assessments (Tabak et al., 2018; Vélez et al., 2023). It also facilitates behavioural studies by analysing locomotion, feeding, social interactions, and reproductive activities (Weinstein, 2018; Jeantet et al., 2026). In aquatic systems, CV supports fish counting, biomass estimation, growth monitoring, and disease detection (Vo et al., 2021; Mandal & Ghosh, 2024). Recent integration with drones, underwater imaging systems, and satellite platforms has expanded applications in marine ecosystem monitoring, habitat assessment, and forest conservation (Goodwin et al., 2022; Buchelt et al., 2024).
The Internet of Things (IoT) and Artificial Intelligence of Things (AIoT) further enhance biological monitoring through interconnected sensor networks that collect real-time environmental and biological data. AI algorithms analyse these data streams to detect anomalies, predict trends, and support management decisions (Mustapha et al., 2021; Hu et al., 2023). Applications include automated feeding, water-quality prediction, disease surveillance, mortality detection, and farm optimization in aquaculture (Chiu et al., 2022; Lu et al., 2022; Ranjan et al., 2023), as well as biodiversity monitoring and habitat management in wildlife conservation.
A major challenge in AI implementation is the “black-box” nature of many advanced algorithms. Explainable Artificial Intelligence (XAI) addresses this limitation by providing interpretable explanations for model predictions. Techniques such as SHAP, LIME, and feature-importance analyses improve transparency and help identify variables driving ecological and environmental predictions (Ryo et al., 2021). Consequently, XAI enhances confidence in species distribution modelling, habitat suitability assessment, biodiversity forecasting, and environmental risk analysis (Han et al., 2023; Pichler & Hartig, 2023).
Recent developments in Generative AI and multimodal learning systems are creating new opportunities for zoological research. Large Language Models (LLMs) and multimodal AI can integrate text, images, acoustic recordings, environmental measurements, and genomic data to support literature synthesis, knowledge extraction, hypothesis generation, and conservation planning (Miao et al., 2025). The integration of AI with genomics, eDNA technologies, remote sensing, digital twins, and bioinformatics is expected to further advance biodiversity research and ecosystem management (Abbas et al., 2025; Von der Heyden et al., 2025).
Overall, the convergence of machine learning, deep learning, computer vision, AIoT, explainable AI, and generative AI has established a robust technological foundation for modern zoological sciences. These technologies are transforming the collection, analysis, interpretation, and application of biological data, creating unprecedented opportunities for research, conservation, aquaculture management, and environmental sustainability.
Table 1. Major artificial intelligence techniques used in Zoological Sciences
	AI Technique
	Principle
	Major Applications
	Advantages
	Representative References

	Machine Learning (ML)
	Learns patterns from structured datasets to make predictions and classifications
	Species distribution modelling, biodiversity assessment, disease prediction, ecological forecasting, water quality prediction
	Handles large datasets, identifies complex relationships, improves prediction accuracy
	Tuia (2022); Han et al. (2023); Pichler & Hartig (2023)

	Deep Learning (DL)
	Multilayer neural networks automatically learn hierarchical features from data
	Species identification, camera-trap image classification, fish disease diagnosis, behaviour analysis
	High accuracy, automated feature extraction, scalable for large datasets
	Christin et al. (2019); Weinstein (2018); Yang et al. (2025)

	Convolutional Neural Networks (CNNs)
	Specialized neural networks for image recognition and visual data processing
	Wildlife monitoring, taxonomy, fish biomass estimation, habitat mapping
	Excellent image classification performance, real-time monitoring
	Wäldchen & Mäder (2018); Tabak et al. (2018)

	Recurrent Neural Networks (RNNs)
	Processes sequential and temporal data
	Ecological forecasting, animal movement analysis, environmental monitoring
	Captures temporal dependencies and dynamic ecological patterns
	Han et al. (2023); Frazier & Song (2024)

	Computer Vision (CV)
	Extracts information from images and videos
	Animal behaviour analysis, fish counting, camera-trap monitoring, wildlife tracking
	Automated image processing, reduced manual effort
	Weinstein (2018); Vo et al. (2021)

	Natural Language Processing (NLP)
	Analyses and interprets textual information
	Literature mining, biodiversity databases, scientific knowledge extraction
	Rapid information retrieval and synthesis
	Miao et al. (2025); Naser (2025)

	Explainable AI (XAI)
	Improves transparency and interpretability of AI models
	Species distribution modelling, conservation planning, risk assessment
	Enhances trust, transparency, and decision-making
	Ryo et al. (2021); Han et al. (2023)

	Artificial Intelligence of Things (AIoT)
	Combines AI with IoT sensors and real-time data streams
	Smart aquaculture, environmental monitoring, water quality management
	Real-time monitoring and automated decision-making
	Hu et al. (2023); Lu et al. (2022)

	Generative AI
	Generates text, images, simulations, and synthetic datasets
	Scientific writing, biodiversity knowledge synthesis, hypothesis generation
	Accelerates research and interdisciplinary integration
	Miao et al. (2025); Kumar & Deepak (2025)

	Multimodal AI
	Integrates images, audio, text, genomic, and environmental data
	Biodiversity monitoring, ecosystem assessment, conservation planning
	Comprehensive ecosystem-level analysis
	Abbas et al. (2025); Miao et al. (2025)

	Reinforcement Learning
	Learns through reward-based interactions with environments
	Resource management, adaptive conservation, smart aquaculture systems
	Dynamic optimization and adaptive decision-making
	Yang et al. (2025); Yue & Shen (2022)

	Digital Twin Technology
	Creates virtual representations of biological or ecological systems
	Ecosystem simulation, aquaculture management, climate adaptation studies
	Scenario testing and predictive ecosystem management
	Wilson (2024); Miao et al. (2025)



4. APPLICATIONS OF ARTIFICIAL INTELLIGENCE IN ZOOLOGY
Artificial intelligence (AI) has emerged as a transformative technology in zoological sciences, enabling researchers to address complex biological questions through machine learning, deep learning, computer vision, bioacoustics, sensor technologies, and big-data analytics. AI applications now support species identification, behavioural analysis, wildlife monitoring, population assessment, disease surveillance, conservation planning, and zoo management. By automating data collection, processing, and interpretation, AI significantly improves the efficiency, accuracy, and scalability of zoological investigations (Zhang et al., 2023; Balwan & Saba, 2024; Kumar & Deepak, 2025). Furthermore, the integration of AI with genomics, environmental DNA (eDNA), remote sensing, bioacoustics, and behavioural analytics is strengthening biodiversity assessment, conservation planning, disease surveillance, and ecosystem management through evidence-based decision-making (Abbas et al., 2025; Kumar & Deepak, 2025; Balwan & Saba, 2024; Naser, 2025; Zhang et al., 2023).
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Figure 2. Framework of artificial intelligence applications in zoological sciences. 
Overview of major AI application domains in zoological sciences, including zoology, ecology, biodiversity conservation, aquaculture, fisheries, and toxicology, leading to improved environmental management and sustainable resource utilization.
4.1 Species Identification and Taxonomic Research
Species identification is fundamental to biodiversity assessment and conservation management. Traditional taxonomic methods often require extensive expertise and detailed morphological examination. AI-powered image-recognition systems, particularly Convolutional Neural Networks (CNNs), have revolutionized taxonomy by enabling rapid and accurate identification of species from photographs and digital images (Wäldchen & Mäder, 2018; Weinstein, 2018). The integration of AI with citizen-science platforms such as eBird and iNaturalist has further accelerated biodiversity documentation and expanded global biodiversity databases (Kelling et al., 2013). These systems are especially valuable in regions with limited taxonomic expertise (Advancing Biodiversity Conservation Through AI-Powered Species Classification, 2025). Additionally, AI combined with genomics, eDNA, and omics technologies is improving species delimitation, phylogenetic analyses, and evolutionary research (Von der Heyden et al., 2025; Abbas et al., 2025). Morphological datasets also contribute to AI-assisted classification, as demonstrated by Anapana et al. (2025), who reported substantial variation in avian claw morphology among bird species in the Srikakulam region.
4.2 Animal Behaviour Analysis and Ethology
AI has transformed behavioural research by enabling continuous and objective monitoring of animal activities. Computer vision systems can track individuals, quantify movement patterns, and classify behavioural states from video recordings. Deep-learning algorithms have been applied successfully to analyse feeding behaviour, locomotion, social interactions, courtship displays, territoriality, and predator–prey dynamics across diverse taxa (Liu et al., 2026; Audira et al., 2026). Machine-learning approaches integrated with biologging devices and accelerometers have further improved classification of migration, foraging, resting, and reproductive activities. Jeantet et al. (2026) demonstrated the effectiveness of accelerometer-based machine-learning models for identifying behavioural states in wildlife populations. Likewise, passive acoustic monitoring combined with deep learning has enhanced studies of animal communication and social networks by automatically analysing vocalization datasets (Zhang et al., 2025; Shariq, 2026).
4.3 Wildlife Monitoring and Biodiversity Assessment
Wildlife monitoring is one of the most successful AI applications in zoology. Camera traps generate millions of images annually, creating major challenges for manual analysis. Deep-learning algorithms can rapidly identify species, remove empty images, classify behaviours, and estimate abundance with remarkable accuracy (Tabak et al., 2018; Vélez et al., 2023). AI-assisted acoustic monitoring similarly facilitates detection of species-specific vocalizations, allowing researchers to monitor elusive, nocturnal, cryptic, and endangered species across diverse habitats (Fergus et al., 2024; Tuia, 2022). The integration of camera traps, drones, acoustic sensors, and satellite technologies enables real-time biodiversity assessments and supports conservation planning and ecosystem management (Weinstein, 2018; Tabak et al., 2018; Fergus et al., 2024; Tuia, 2022; Vélez et al., 2023). Remote sensing and drone technologies have also improved habitat mapping, nest monitoring, animal detection, and ecosystem assessments at large spatial scales (Buchelt et al., 2024).
4.4 Population Estimation and Species Distribution Modelling
AI has substantially improved population estimation and species distribution modelling (SDM) by integrating information from camera traps, acoustic monitoring systems, remote sensing platforms, and environmental databases. Machine-learning algorithms can estimate abundance, occupancy, population trends, and demographic characteristics more efficiently than conventional approaches (Tabak et al., 2018; Zhang et al., 2025). Algorithms such as Random Forests, Support Vector Machines, and Artificial Neural Networks are widely used to predict habitat suitability, biodiversity hotspots, climate-driven range shifts, and future species distributions (Evans et al., 2011; Kumar & Deepak, 2025). Explainable Artificial Intelligence (XAI) further improves ecological interpretation by identifying environmental variables that strongly influence model predictions (Ryo et al., 2021).
4.5 Animal Health Monitoring, Disease Diagnosis, and Zoo Management
AI technologies are increasingly applied to animal health assessment, disease diagnosis, epidemiological surveillance, and welfare monitoring. Machine-learning models can analyse physiological, behavioural, clinical, and environmental data to detect diseases before visible symptoms appear. Shar et al. (2026) demonstrated that AI-based diagnostic systems enhance the detection of infectious diseases, parasitic infections, metabolic disorders, and nutritional deficiencies. Computer vision and bioacoustic systems can identify behavioural abnormalities and changes in vocalization patterns associated with disease and environmental stress (Zhang et al., 2025; Shariq, 2026). AI also contributes to vector-borne disease surveillance, with Geffroy et al. (2026) highlighting the usefulness of machine learning for predicting mosquito abundance and disease transmission risks. In zoological parks and wildlife rehabilitation centres, AI-driven management systems integrating sensors, cameras, and IoT devices improve welfare monitoring, breeding programmes, veterinary care, and conservation outcomes (Janani et al., 2024).
4.6 Emerging Trends in AI-Driven Zoological Research
The future of zoological research is increasingly characterized by the integration of AI with genomics, eDNA, bioacoustics, biologging technologies, remote sensing, and multimodal data systems. Integrative zoology frameworks combine diverse biological and environmental datasets to generate comprehensive insights into species biology, ecological interactions, and ecosystem functioning (Abbas et al., 2025). Recent advances in generative AI and multimodal language models have expanded opportunities for automated literature synthesis, biodiversity knowledge extraction, and large-scale integration of heterogeneous datasets (Miao et al., 2025). Overall, AI has fundamentally transformed zoological sciences by enhancing species identification, behavioural analysis, wildlife monitoring, population assessment, disease surveillance, conservation planning, and animal welfare management, making it an indispensable tool for modern zoological research.
Table 2. Applications of Artificial Intelligence Across Zoology and Related Disciplines
	Field
	AI Tools/Technologies
	Key Applications
	Representative Studies

	Zoology
	ML, DL, CNNs, Computer Vision
	Species identification, taxonomy, behaviour analysis
	Zhang et al. (2023); Wäldchen & Mäder (2018); Weinstein (2018)

	Wildlife Monitoring
	Camera Traps, CNNs, Deep Learning
	Species recognition, abundance estimation
	Tabak et al. (2018); Vélez et al. (2023)

	Bioacoustics
	Deep Learning, Acoustic AI
	Vocalization analysis, species detection
	Shariq (2026); Fergus et al. (2024)

	Ecology
	ML, XAI, Remote Sensing
	Habitat mapping, ecological forecasting
	Christin et al. (2019); Han et al. (2023)

	Species Distribution Modelling
	Random Forest, SVM, Neural Networks
	Habitat suitability, climate projections
	Tuia (2022); Ryo et al. (2021)

	Biodiversity Conservation
	AI, Remote Sensing, Multimodal Models
	Conservation prioritization, threat assessment
	Fergus et al. (2024); Wilson (2024)

	Aquaculture
	AIoT, Computer Vision, Deep Learning
	Precision feeding, growth prediction, disease diagnosis
	Mustapha et al. (2021); Vo et al. (2021); Yang et al. (2025)

	Fisheries Management
	ML, Remote Sensing, Predictive Analytics
	Stock assessment, fisheries forecasting
	Rowan (2023); Lim (2024)

	Toxicology & Ecotoxicology
	ML, QSAR, Omics Analytics
	Toxicity prediction, risk assessment, biomarker discovery
	Martinez et al. (2026); Merugumalla et al. (2025); Anapana et al. (2024)

	Genomics and eDNA
	ML, Bioinformatics, Multimodal AI
	Species detection, population genetics
	Abbas et al. (2025); Von der Heyden et al. (2025)

	Conservation Technology
	Drones, AI Surveillance
	Anti-poaching, habitat monitoring
	Buchelt et al. (2024); Fergus et al. (2024)



5. ARTIFICIAL INTELLIGENCE IN ECOLOGY AND BIODIVERSITY CONSERVATION
Artificial intelligence (AI) has significantly transformed ecological research and biodiversity conservation by enabling rapid collection, processing, and interpretation of large environmental datasets. Ecological systems involve complex interactions among organisms and environmental variables across multiple spatial and temporal scales, making conventional analytical approaches increasingly inadequate. AI technologies, including machine learning, deep learning, computer vision, and Explainable Artificial Intelligence (XAI), support automated data analysis, predictive modelling, and evidence-based decision-making (Han et al., 2023; Wilson, 2024; Ryo, 2024). These advances have strengthened biodiversity monitoring, habitat assessment, ecological forecasting, and conservation planning, helping address biodiversity loss, habitat degradation, invasive species expansion, climate change, and ecosystem instability (Christin et al., 2019; Borowiec et al., 2022; Pichler & Hartig, 2023; Han et al., 2023; Fergus et al., 2024). Furthermore, XAI improves model transparency by identifying environmental variables responsible for ecological predictions, thereby enhancing biological interpretation and confidence in conservation decisions (Ryo et al., 2021; Evans et al., 2011; Ryo, 2024).
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Figure 3. AI-driven biodiversity monitoring and conservation workflow. 
General workflow illustrating biodiversity data acquisition through camera traps, drones, acoustic sensors, citizen science platforms, and remote sensing technologies, followed by AI-based analysis and conservation decision-making.
5.1 Biodiversity Assessment and Monitoring
Biodiversity monitoring is fundamental for understanding ecosystem health and guiding conservation actions. Traditional surveys are often labour-intensive and geographically limited. AI has revolutionized biodiversity assessment through automated species detection and classification using images, acoustic recordings, and environmental data. Deep learning algorithms, particularly Convolutional Neural Networks (CNNs), have demonstrated high accuracy in species recognition and biodiversity monitoring (Christin et al., 2019; Wäldchen & Mäder, 2018; Tabak et al., 2018). Citizen-science platforms such as eBird and iNaturalist contribute millions of observations annually, providing valuable datasets for machine learning-based species identification and distribution mapping (Kelling et al., 2013). These AI-assisted approaches improve biodiversity monitoring, particularly in regions with limited taxonomic expertise (Advancing Biodiversity Conservation Through AI-Powered Species Classification, 2025). Emerging multimodal AI systems further integrate images, acoustic data, environmental variables, and textual information to improve ecosystem assessments and facilitate the detection of rare and endangered species (Miao et al., 2025).
5.2 Habitat Mapping and Ecological Forecasting
Habitat mapping is essential for understanding species distributions and conservation priorities. AI-driven approaches effectively analyse remote sensing datasets derived from satellites, drones, LiDAR, and aerial imagery. Machine learning algorithms such as Random Forests, Support Vector Machines, and deep neural networks are widely applied for land-cover classification, vegetation mapping, habitat suitability assessment, and landscape ecological analysis (Stupariu et al., 2022; Frazier & Song, 2024). Deep learning techniques have enhanced environmental change detection and habitat monitoring. AI-assisted drone technologies provide cost-effective tools for high-resolution habitat assessment and forest monitoring (Buchelt et al., 2024). Species Distribution Modelling (SDM) is another major AI application, enabling prediction of habitat suitability, biodiversity hotspots, and climate-driven range shifts (Evans et al., 2011; Tuia, 2022). AI-based ecological forecasting is increasingly valuable for predicting biodiversity responses to climate change and anthropogenic disturbances (Han et al., 2023). XAI further improves ecological understanding by identifying key environmental drivers influencing model predictions (Ryo et al., 2021).
5.3 Wildlife Conservation and Future Directions
AI technologies are increasingly integrated into wildlife conservation programmes to improve monitoring efficiency and management effectiveness. AI-powered camera traps enable continuous wildlife surveillance while minimizing human disturbance. Automated classification systems can identify species, estimate abundance, and detect population trends in near real time (Fergus et al., 2024; Vélez et al., 2023). Similarly, AI-assisted acoustic monitoring supports biodiversity assessment and ecological disturbance detection across terrestrial and aquatic ecosystems (Zhang et al., 2023; Tuia, 2022). AI-driven decision-support systems integrating ecological, environmental, and social datasets assist conservation managers in identifying priority conservation areas, evaluating restoration strategies, and optimizing resource allocation (Fergus et al., 2024).
Climate change remains one of the greatest threats to biodiversity worldwide. Machine learning models integrate climate projections, species occurrence records, remote sensing data, and ecological variables to predict range shifts, biodiversity changes, and ecosystem resilience under future climate scenarios (Han et al., 2023; Wilson, 2024). AI applications also facilitate monitoring of environmental disturbances such as wildfires, habitat degradation, pollution events, and invasive-species outbreaks (Sathishkumar et al., 2023). Future ecological research will increasingly combine remote sensing, environmental DNA (eDNA), genomics, bioacoustics, citizen-science observations, and ecological monitoring data within unified AI-driven frameworks (Abbas et al., 2025; Miao et al., 2025). The growing adoption of explainable AI, cloud computing, digital twins, and autonomous monitoring systems is expected to further enhance the transparency, scalability, and effectiveness of biodiversity conservation and ecosystem management.
6. ARTIFICIAL INTELLIGENCE IN AQUACULTURE AND FISHERIES
Aquaculture is one of the fastest-growing food-production sectors globally and plays a vital role in food security, nutritional sustainability, and economic development. Increasing demand for aquatic food products, coupled with challenges such as disease outbreaks, water-quality deterioration, climate change, environmental degradation, inefficient feed utilization, labour shortages, and resource limitations, has accelerated the adoption of advanced technologies. Traditional management approaches based on manual observations are often inadequate for large-scale operations. Consequently, artificial intelligence (AI) has emerged as a transformative tool capable of enhancing productivity, profitability, sustainability, and environmental stewardship in aquaculture and fisheries (Mustapha et al., 2021; Wang et al., 2021; Yang et al., 2025). The integration of AI with machine learning, deep learning, computer vision, the Internet of Things (IoT), cloud computing, robotics, and advanced sensors has enabled the development of intelligent production systems that support precision aquaculture and data-driven decision-making (Vo et al., 2021; Li & Liu, 2021; Yue & Shen, 2022).
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Figure 4. Architecture of an AI-driven smart aquaculture system. 
Conceptual framework illustrating sensor-based monitoring, AI analytics, automated feeding systems, disease surveillance, water quality management, and production optimization in precision aquaculture.
6.1 Emergence of Smart Aquaculture Systems
Smart aquaculture represents a major shift from conventional farming practices toward technology-driven production systems. Modern aquaculture farms generate large volumes of data related to water quality, fish growth, feeding behaviour, disease occurrence, and environmental conditions. Artificial intelligence (AI) enables the efficient processing and interpretation of these datasets, providing actionable insights for farm managers and improving operational efficiency (Vo et al., 2021). By integrating AI with Internet of Things (IoT) devices, cloud-computing platforms, and automated equipment, intelligent aquaculture systems can continuously monitor environmental conditions and automatically adjust operational parameters to optimize production outcomes (Wang et al., 2021). These smart systems facilitate remote monitoring, predictive analytics, and automated decision-making, thereby enhancing productivity, profitability, and sustainability across aquaculture operations (Mustapha et al., 2021).
6.2 Water Quality Monitoring and Environmental Management
Water quality is one of the most critical factors influencing fish growth, survival, reproduction, and overall health. Parameters such as dissolved oxygen, temperature, pH, salinity, ammonia concentration, turbidity, and nutrient levels require continuous monitoring. AI-powered monitoring systems integrate sensor networks with machine-learning algorithms to provide real-time environmental assessment and predictive management. These systems can detect anomalies, identify trends, and forecast environmental fluctuations before they adversely affect production (Lu et al., 2022; Hu et al., 2023). AIoT-based technologies can automatically activate corrective measures, including aeration and water exchange, when environmental conditions become unfavourable (Hu et al., 2023). Similarly, AI-enabled buoy systems used in offshore aquaculture provide real-time alerts regarding water-quality changes, thereby reducing mortality risks and improving farm efficiency (Lu et al., 2022). Such technologies contribute significantly to sustainable aquaculture through improved resource utilization, pollution reduction, and enhanced environmental stewardship.
6.3 Precision Feeding and Growth Management
feed costs often account for more than 50% of production expenses, making efficient feeding strategies essential for profitability. AI-driven precision feeding systems analyse fish behaviour, feeding responses, environmental conditions, and growth performance to determine optimal feeding schedules and feed quantities. Computer vision technologies continuously monitor feeding activity and automatically regulate feed delivery according to fish appetite and consumption patterns (Wang et al., 2021; Chang et al., 2021). These systems improve feed conversion efficiency, reduce feed wastage, lower production costs, and minimize environmental impacts (Rather et al., 2024; Yang et al., 2025).
AI also supports non-invasive growth monitoring and biomass estimation. Computer vision and deep-learning algorithms analyse images and video recordings to estimate fish size, weight, growth rates, and biomass with high accuracy (Vo et al., 2021). Furthermore, machine-learning models integrate feeding records, environmental conditions, and physiological parameters to predict growth trajectories and optimize stocking densities, feeding programmes, and harvest schedules (Li & Liu, 2021; Mandal & Ghosh, 2024).
6.4 Disease Detection and Health Management
Disease outbreaks remain one of the most significant challenges affecting global aquaculture sustainability. AI technologies are increasingly employed to monitor fish health using behavioural, physiological, environmental, and imaging data. Computer vision systems can detect abnormal swimming behaviour, reduced feeding activity, surface gasping, colour changes, and visible lesions associated with disease conditions (Rather et al., 2024). Machine-learning algorithms analyse these indicators and identify potential health problems before severe symptoms become evident.
Advanced AI models have been developed to diagnose bacterial, viral, fungal, and parasitic infections in fish and shellfish species, facilitating rapid intervention and improved biosecurity (Yang et al., 2025). In addition, Anapana et al. (2025) emphasized the importance of AI-based early warning systems for disease prediction and biosecurity management in aquatic food-production sectors. Integration with biosensors, molecular diagnostics, and environmental monitoring systems is further enhancing disease-detection accuracy and precision health management.
6.5 Mortality Detection, Welfare Monitoring, and Fisheries Management
AI applications extend beyond health monitoring to mortality detection and welfare assessment. Ranjan et al. (2023) developed MortCam, a deep-learning-based system capable of detecting dead fish in recirculating aquaculture systems and notifying farm operators in real time. Such systems improve biosecurity, reduce disease risks, and facilitate rapid intervention. AI also supports welfare monitoring by analysing behavioural indicators associated with stress, overcrowding, poor water quality, and disease conditions.
In fisheries management, machine-learning algorithms analyse catch statistics, satellite imagery, oceanographic information, and environmental variables to estimate stock abundance, predict recruitment patterns, and identify productive fishing grounds (Rowan, 2023; Lim, 2024). AI-powered remote sensing technologies additionally support monitoring of fishing activities, marine biodiversity, habitat changes, and illegal fishing operations. Anapana et al. (2023) and Anapana (2026) further highlighted opportunities for AI-based forecasting systems to support livelihood planning and climate adaptation among fishing communities.
6.6 Environmental Sustainability and Future Perspectives
AI is increasingly applied to wastewater treatment, nutrient management, pollution control, and environmental monitoring. Machine-learning models can predict wastewater characteristics and optimize treatment processes. Igwegbe et al. (2023) demonstrated the successful application of AI in optimizing electrocoagulation–flocculation processes for aquaculture effluent treatment, improving treatment efficiency while reducing operational costs.
Future developments in aquaculture and fisheries are expected to be driven by advances in AI, robotics, blockchain technology, digital twins, autonomous monitoring systems, and big-data analytics (Yue & Shen, 2022; Lim, 2024). Integration with genomic technologies, environmental DNA (eDNA), remote sensing, and ecosystem modelling will further strengthen sustainable aquatic resource management. As adoption continues to expand, AI will play an increasingly important role in addressing climate change impacts, disease outbreaks, food security concerns, and resource scarcity, ultimately supporting the long-term sustainability of aquaculture and fisheries worldwide.
7. ARTIFICIAL INTELLIGENCE IN TOXICOLOGY AND ECOTOXICOLOGY
Toxicology and ecotoxicology are critical disciplines for understanding the impacts of chemical contaminants on human health, wildlife, and ecosystems. Rapid industrialization, agricultural intensification, pharmaceutical use, and urban development have increased the release of synthetic chemicals into terrestrial and aquatic environments. Traditional toxicity assessments are often costly, labour-intensive, time-consuming, and dependent on animal experimentation. Consequently, artificial intelligence (AI) has emerged as a transformative technology that enhances toxicity prediction, hazard identification, biomarker discovery, and environmental risk assessment while reducing costs and reliance on animal testing (Martinez et al., 2026). In aquatic toxicology, extensive biomarker datasets have strengthened AI applications, including haematological, physiological, behavioural, histopathological, and biochemical responses to contaminants (Anapana et al., 2024; Anapana & Rathnamma, 2025a; Anapana & Rathnamma, 2025b; Anapana & Vakita, 2026; Merugumalla et al., 2025).
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Figure 5. Artificial Intelligence-Based Toxicological Risk Assessment Framework. Conceptual workflow showing the integration of chemical exposure data, biological responses, machine learning models, toxicity prediction, environmental risk assessment, and regulatory decision-making.
7.1 Evolution of AI in Toxicological Research
Historically, toxicological studies relied on laboratory bioassays, chronic exposure experiments, and field observations. Although scientifically valuable, these approaches are often limited by high costs, ethical concerns, and lengthy testing periods. AI has provided a powerful alternative by identifying relationships among chemical structures, biological responses, and toxicological outcomes. Machine-learning algorithms can analyse large toxicological datasets, identify hidden patterns, and predict adverse effects before extensive experimental validation. The integration of AI with cheminformatics, molecular modelling, systems biology, and omics technologies has significantly improved predictive accuracy and mechanistic understanding, enabling more efficient prioritization of hazardous substances and environmental risk evaluation.
7.2 Predictive Toxicology and Machine Learning Applications
Predictive toxicology is one of the most significant applications of AI in modern toxicological science. Machine-learning models utilize chemical descriptors, molecular structures, biological pathways, exposure information, and historical toxicological datasets to predict toxicity endpoints. Algorithms such as Random Forests, Support Vector Machines, Artificial Neural Networks, Gradient Boosting Models, and Deep Neural Networks are widely applied to predict acute and chronic toxicity, carcinogenicity, mutagenicity, endocrine disruption, neurotoxicity, and reproductive toxicity. These approaches frequently perform as well as or better than conventional Quantitative Structure–Activity Relationship (QSAR) models. By integrating chemical properties, exposure pathways, biological responses, and environmental variables, AI-driven systems improve prediction accuracy and facilitate rapid screening of large chemical libraries.
7.3 AI in Ecotoxicology and Environmental Risk Assessment
Ecotoxicology examines the effects of pollutants such as pesticides, heavy metals, pharmaceuticals, microplastics, endocrine-disrupting chemicals, and industrial effluents on organisms and ecosystems. AI technologies provide powerful analytical tools for evaluating complex ecotoxicological datasets. Machine-learning algorithms can assess relationships between contaminant exposure and biological responses across multiple levels of biological organization, improving understanding of toxicity mechanisms, contaminant fate, bioaccumulation, trophic transfer, and ecological vulnerability.
AI also strengthens environmental risk assessment by integrating toxicological, ecological, and environmental datasets into predictive frameworks. These systems estimate exposure levels, toxicity thresholds, environmental persistence, and ecological consequences under different environmental scenarios. Furthermore, AI models can simultaneously evaluate multiple stressors, including pollution, climate change, habitat degradation, and biological interactions, providing a more realistic assessment of environmental risk and supporting adaptive management strategies.
7.4 AI Applications in Aquatic Toxicology
Aquatic ecosystems receive substantial inputs of pesticides, pharmaceuticals, heavy metals, and emerging contaminants, making fish valuable bioindicators of environmental pollution. AI is increasingly used to analyse physiological, behavioural, biochemical, haematological, and histopathological datasets generated through aquatic toxicology studies.
Haematological biomarkers are important indicators of contaminant-induced stress. Significant alterations in blood parameters following azoxystrobin exposure in grass carp demonstrate their usefulness for AI-assisted toxicity prediction (Anapana et al., 2024). Similarly, oxidative stress biomarkers and respiratory parameters provide critical physiological information. Anapana and Rathnamma (2025a) reported oxidative stress and reduced oxygen consumption in azoxystrobin-exposed fish, highlighting the value of multibiomarker datasets for machine-learning applications.
Behavioural responses are highly sensitive indicators of environmental contamination. Behavioural and physiological disturbances observed in grass carp exposed to azoxystrobin demonstrate the utility of behavioural endpoints in AI-based monitoring systems (Anapana & Rathnamma, 2025b). Computer vision and machine-learning technologies enable automated behavioural tracking and real-time detection of contaminant-induced stress responses.
Histopathological datasets are equally valuable for deep-learning applications. Anapana and Vakita (2026) documented extensive multiorgan tissue damage in grass carp following azoxystrobin exposure, demonstrating the potential of AI-assisted lesion detection and tissue classification. Likewise, biochemical biomarkers such as acetylcholinesterase activity can strengthen toxicity prediction models. Merugumalla et al. (2025) reported significant inhibition of acetylcholinesterase activity in Catla catla exposed to ethion, emphasizing the value of neurotoxicity biomarkers for AI-based ecotoxicological assessment.
7.5 AI, Alternative Testing Approaches, and Future Perspectives
Ethical concerns regarding animal experimentation have accelerated the adoption of alternative testing approaches based on the principles of Replacement, Reduction, and Refinement (3Rs) (Anapana & Gudivada, 2020). AI contributes significantly to these objectives through in silico toxicity prediction, reducing dependence on laboratory animals while accelerating safety evaluations. Recent advances in New Approach Methodologies (NAMs), including organ-on-chip systems, high-throughput screening technologies, computational toxicology, and AI-assisted modelling, are transforming chemical safety assessment (Martinez et al., 2026).
The integration of AI with genomics, transcriptomics, proteomics, metabolomics, and bioinformatics is creating new opportunities for systems toxicology. AI can identify biomarkers, characterize molecular pathways, predict adverse outcome pathways, and uncover previously unknown toxicity mechanisms. AI is also increasingly applied to emerging contaminants such as microplastics, nanomaterials, pharmaceuticals, and endocrine-disrupting chemicals. Studies have demonstrated that microplastics can induce oxidative stress, tissue damage, and endocrine disruption in aquatic organisms, highlighting the importance of AI-assisted environmental monitoring and risk assessment (Anapana & Rathnamma, 2024).
Looking ahead, advances in machine learning, Explainable Artificial Intelligence (XAI), digital twins, systems biology, and real-time environmental monitoring are expected to further transform toxicology and ecotoxicology. Future AI frameworks will integrate chemical, biological, ecological, genomic, and environmental datasets into unified predictive systems capable of assessing risks with unprecedented precision. As computational capabilities continue to evolve, AI is expected to become a cornerstone technology for environmental monitoring, toxicological evaluation, and chemical risk assessment.
8. CHALLENGES, LIMITATIONS, ETHICAL CONSIDERATIONS, AND FUTURE PERSPECTIVES OF AI IN ZOOLOGICAL SCIENCES
Artificial intelligence (AI) has become an important tool in zoology, ecology, aquaculture, toxicology, and biodiversity conservation by enhancing data analysis, predictive modelling, automated monitoring, and decision-making. However, its successful implementation depends on data quality, computational infrastructure, transparency, ethical governance, and interdisciplinary collaboration (Zhang et al., 2023; Han et al., 2023; Fergus et al., 2024).
One of the major limitations of AI is the availability of large, accurate, and representative datasets. Zoological and ecological databases often contain incomplete records, taxonomic inconsistencies, geographical biases, and uneven sampling efforts, particularly for rare and endangered species (Tuia, 2022; Christin et al., 2019). Although citizen-science initiatives have expanded biodiversity databases, observations may be influenced by observer expertise and sampling intensity, potentially affecting model reliability (Kelling et al., 2013). Algorithmic bias also remains a concern because models trained in one region may perform poorly in other ecosystems, while camera-trap datasets often overrepresent common species and underrepresent rare taxa (Vélez et al., 2023). Furthermore, many deep-learning models function as “black boxes,” limiting interpretability and stakeholder confidence. Explainable Artificial Intelligence (XAI) approaches, including SHAP, LIME, and feature-importance analyses, improve transparency by identifying variables influencing model predictions (Ryo et al., 2021).
The deployment of AI systems requires substantial computational resources, including high-performance processors, cloud-computing services, GPUs, and large-scale storage infrastructure. These requirements can restrict adoption, particularly in biodiversity-rich developing countries. Ethical concerns also arise from the use of drones, camera traps, acoustic sensors, and satellite surveillance systems, which may unintentionally disturb wildlife or raise questions regarding data ownership, privacy, and benefit-sharing (Buchelt et al., 2024). In toxicological research, AI can reduce dependence on animal experimentation, but predictive models require rigorous validation and regulatory oversight to ensure environmental and public health protection. The principles of Replacement, Reduction, and Refinement (3Rs) remain fundamental to responsible research practices (Anapana, G and Gudivada, 2020). Cybersecurity is another emerging challenge because environmental databases often contain sensitive information on endangered species, breeding sites, and protected habitats. Interdisciplinary knowledge gaps between zoologists and AI developers further emphasize the need for collaborative research, specialized training, and robust governance frameworks (Anapana et al., 2025; Naser, 2025).
Despite these challenges, the future of AI in zoological sciences is highly promising. Advances in explainable AI, multimodal intelligence, digital twins, environmental DNA (eDNA), omics technologies, and autonomous monitoring systems are expected to transform biodiversity assessment and ecosystem management. AI integrated with genomics, transcriptomics, proteomics, metabolomics, and eDNA can identify genetic markers, predict adaptive responses, and improve biodiversity monitoring (Von der Heyden et al., 2025; Abbas et al., 2025). Multimodal AI systems capable of integrating images, audio recordings, environmental measurements, satellite imagery, and genomic data will support comprehensive biodiversity intelligence platforms (Miao et al., 2025). Autonomous camera traps, drones, acoustic sensors, and satellite systems will enable real-time monitoring of species, habitats, invasive species, disease outbreaks, and conservation threats (Fergus et al., 2024; Buchelt et al., 2024; Frazier & Song, 2024; Stupariu et al., 2022). Digital twin technology and precision conservation frameworks will further enhance ecosystem management and conservation planning (Han et al., 2023), while AI-powered aquaculture and fisheries systems will improve resource efficiency and climate adaptation (Yang et al., 2025). Through responsible innovation, ethical governance, and interdisciplinary collaboration, AI is expected to become an indispensable tool for biodiversity conservation, environmental sustainability, and scientific advancement (Anapana et al., 2025).
8.1 Cost-Effectiveness and Accessibility of AI Tools in Low-Resource Settings
The successful adoption of artificial intelligence (AI) in zoological sciences depends not only on technological advancement but also on its affordability and accessibility, particularly in developing countries. Many biodiversity-rich regions face limitations in computational infrastructure, internet connectivity, technical expertise, and financial resources, which can restrict the implementation of advanced AI systems (Zhang et al., 2023; Kumar & Deepak, 2025). Nevertheless, recent developments in open-source software, cloud-based platforms, low-cost sensors, mobile applications, and citizen-science initiatives have significantly improved access to AI technologies for researchers, conservation practitioners, and educational institutions with limited resources (Kelling et al., 2013; Kodiyatar & Shamala, 2025). Affordable AI-powered tools such as camera traps, acoustic monitoring systems, drone-based surveys, and low-cost environmental sensors have enabled efficient biodiversity monitoring, wildlife conservation, and ecological assessments without requiring extensive infrastructure investments (Fergus et al., 2024; Buchelt et al., 2024; Lu et al., 2022). In aquaculture, low-cost AIoT systems support water-quality monitoring, disease detection, and farm management, enhancing productivity while reducing operational costs (Mustapha et al., 2021; Chiu et al., 2022; Hu et al., 2024). Furthermore, cloud computing and collaborative data-sharing platforms facilitate access to computational resources and analytical tools that would otherwise be unavailable to many institutions (Han et al., 2023; Miao et al., 2025). Strengthening training programs, interdisciplinary education, and international collaborations will be essential to bridge technological gaps and ensure equitable access to AI-driven innovations across zoological research, conservation, and environmental management in low-resource settings (Anapana et al., 2025; Abbas et al., 2025; Naser, 2025).
9. CONCLUSION
Artificial intelligence (AI) has emerged as a transformative force in zoological sciences, fundamentally reshaping the way biological systems are studied, monitored, and managed. The integration of machine learning, deep learning, computer vision, bioacoustics, remote sensing, Internet of Things (IoT) technologies, and advanced computational analytics has significantly enhanced the ability of researchers to collect, analyse, and interpret complex biological data. AI is no longer merely a supporting analytical tool but has become a core component of modern zoological research, contributing to biodiversity conservation, ecology, aquaculture, fisheries, toxicology, and environmental management.
The application of AI has greatly improved species identification, behavioural analysis, wildlife monitoring, habitat assessment, population estimation, disease surveillance, and conservation planning. Automated image-recognition systems, camera-trap analytics, acoustic monitoring platforms, and sensor-based technologies have increased the efficiency, accuracy, and scalability of biodiversity assessments while reducing the limitations of conventional field-based methods. These advancements have enabled researchers to monitor ecosystems at unprecedented spatial and temporal scales and support evidence-based decision-making.
In ecology and biodiversity conservation, AI has strengthened habitat mapping, species distribution modelling, ecological forecasting, conservation prioritization, and climate-change adaptation planning. In aquaculture and fisheries, intelligent systems integrating sensors, computer vision, predictive analytics, and automation have improved water-quality management, precision feeding, disease detection, growth prediction, stock assessment, and resource-use efficiency. Similarly, in toxicology and ecotoxicology, AI has accelerated toxicity prediction, environmental risk assessment, biomarker discovery, and alternative testing approaches, contributing to more efficient and ethically responsible chemical safety evaluations.
Despite these achievements, challenges related to data quality, algorithmic bias, model interpretability, computational infrastructure, cybersecurity, ethical concerns, and regulatory frameworks remain important considerations. Addressing these limitations will require interdisciplinary collaboration, transparent methodologies, rigorous validation procedures, and responsible governance. AI should be viewed as a tool that complements rather than replaces scientific expertise, ecological knowledge, and field-based observations.
Looking ahead, emerging technologies such as explainable AI, multimodal intelligence, digital twins, environmental DNA analytics, autonomous monitoring systems, precision conservation, and generative AI are expected to further advance zoological sciences. The convergence of AI with genomics, bioinformatics, robotics, remote sensing, and advanced environmental monitoring technologies will create powerful integrated research frameworks capable of addressing complex biological and environmental challenges.
In conclusion, AI represents a paradigm shift in zoological sciences and offers unprecedented opportunities for understanding, conserving, and sustainably managing biodiversity. Through responsible innovation, interdisciplinary collaboration, and ethical implementation, AI will continue to play a pivotal role in advancing scientific knowledge, supporting environmental sustainability, and safeguarding biological diversity for future generations.
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Figure 4. Al-Driven Smart Aquaculture System
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Figure 5. Al-Based Toxicological Risk Assessment Framework
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Figure 1. Evolution of Al Applications in Zoological Sciences
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Figure 2. Framework of Al Applications in Zoological Sciences
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Figure 3. Al Workflow in Biodiversity Monitoring
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