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Abstract

Artificial intelligence (Al) is revolutionizing a paradigm shift in environmental research from
exploratory investigation to predictive study, facilitating the development of precision-
guided research to tackle global environmental challenges at an unprecedented scale and
speed. Against this backdrop, this perspective introduces the transformative impact of Al
across various interconnected environmental domains. These technologies, including
machine learning (ML), deep learning (DL), and large language models (LLMs), uncover latent
environmental research patterns, integrate cross-scale data, and generate novel scientific
insights. Systematically, we review advances in Al applications across water, soil, and
atmospheric environments, as well as solid waste management. To further facilitate the
construction and application of Al models, we summarize key considerations for Al model
development, including data curation, data preprocessing, model training, validation, and
interpretability. Significant challenges regarding Al application, including data-related issues,
model selection, and ethical considerations are finally addressed. Surmounting these
obstacles is a prerequisite for transitioning Al from passive analytical tools to autonomous
research partners. Consequently, more innovative Al scientific agents are expected to
promote cross-disciplinary collaboration and innovation to facilitate high-throughput, large-
scale, and precision-guided composite investigations that integrate multi-source data across
spatial-temporal scales to enable predictive and systemic insights, and to support holistic
environmental governance.

Keywords: Al for science, Research paradigm, Environmental science, Engineering applications, Functional materials,
Environmental management

Introduction

research field of environment (Al for environment) forms a complete
closed loop, spanning from hypothesis generation to practical
validation (Fig. 1). It is driving a paradigm shift across environmental

Artificial intelligence (Al) has rapidly progressed from early rule-based
systems to today's data-driven and foundation-model-based
architectures, marking a shift from specialized problem-solving
patterns toward more general and adaptive intelligence. Emerging Al
technologies have increasingly transformed our interactions with both
the digital and physical worlds!". The emergence of Al for Science
(Al4S) has advanced Al techniques into the core logic of scientific
inquiry!?. Al4S generally leverages machine learning, deep learning
and large language models (LLMs) to empower scientific discovery
with robust capabilities in reasoning, generalization, and multimodal
comprehension. The Al-driven scientific discovery process in the

science, engineering applications, and functional materials,
transitioning these domains from discrete, observation-based
approaches toward integrated, intelligent, and predictive

frameworksP. Within this framework, New Artificial Intelligence-based
Methods (NAMs) represent a pivotal advancement, fusing high-
throughput in vitro screening with Al to achieve robust toxicity
prediction while minimizing reliance on in vivo testing. Transcending
static data correlations and computationally intractable physical
models, this paradigm integrates physical principles with foundation
models to autonomously decode complex, cross-scale interactions
across heterogeneous systems.

" Correspondence: Shulin Zhuang (shulin@zju.edu.cn)
Full list of author information is available at the end of the article.
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Fig. 1 Al for environment consists of four key areas, including data-driven insights, new approach methodologies, integrated research ecosystem and

transformative discoveries.

Considering that many traditional methods relying on isolated
data and physics-based models are often limited in fully capturing
the cross-scale interactions and the coupled environmental
processes, Al offers a unified framework to augment both analytical
depth and operational efficacy!, thereby reorienting the scientific
lens from compartmentalized analysis toward a holistic understand-
ing of synergistic effectsl>l. Al facilitates a transition from static,
point-based monitoring to dynamic, multi-scale perception, allow-
ing continuous tracking of pollutants across atmospheric, aquatic,
and terrestrial systemsl’l. By integrating physical principles with
data-driven modeling, Al enhances predictive accuracy and quanti-
fies uncertainty, thereby informing risk mitigation and decision-
making under complex, nonlinear conditionstl. This capability
underpins a shift from reactive measures to proactive, adaptive, and
precision-oriented management—enabling early warning systems,
targeted ecological restoration, and circular resource strategies that
collectively promote a more resilient and sustainable relationship
between human activities and environmental systems. Specifically
in environmental analysis, Al drives a shift from discrete laboratory
measurements to continuous, intelligent sensing. By leveraging
computer vision, spectral analysis, and multi-sensor fusion, Al
enables rapid, high-precision quantification and non-target screen-
ing of contaminants. This transition not only enhances data resolu-
tion but also captures dynamic pollution events in real-time across
aquatic, terrestrial, and atmospheric systems.

By integrating data, algorithms, and computing power, Al4S is
developing comprehensive solutions across environmental science
and engineering. These solutions support a wide range of environ-
mental applications, including energy and climate change,
advanced early warning and forecasting, ecosystem assessments,
circular resource strategies, and sustainable development planning.
We focus particularly on its transformative impact in water, soil, air,
and solid waste systems. Synthesizing these domains enables us to
transcend the boundaries of discrete environmental media, orches-
trating a synergy where functional material innovations and engi-
neering interventions are deployed to sever complex cross-media
pollutant pathways, thereby minimizing health risks and empower-
ing holistic environmental management.

Water environment: a digital water
system from early warning to intelligent
operation

The acceleration of urbanization and the escalating pressure on global
water resources have caused unprecedented challenges for the

management of water environments. These challenges highlight that
traditional methods for water quality monitoring and treatment have
limitations in real-time responsiveness, efficiency, and accuracy, driving
the need for digital transformation. With the rapid advancement of
machine learning and deep learning technologies, the digital
transformation of water environment systems is accelerating and has
become a core driver in the field. These technologies enhance data
processing and predictive capabilities, effectively overcoming the
limitations of traditional methods in real-time monitoring and
response to emergencies.

Water quality monitoring systems integrate multi-source data
from hydrological, meteorological, and water quality sensors, signifi-
cantly improving predictive performance. For instance, Al-based
multispectral sensor systems have been effectively used for real-
time monitoring of inland water bodies, showing strengths in pollu-
tant detection and supporting efforts to address eutrophication
assessment®. The innovative application of these technologies has
shifted water environment management from traditional passive
responses to proactive, intelligent decision support. Water quality
early warning systems leverage deep learning and soft detection
strategies to provide real-time risk predictions and early alerts. By
utilizing advanced attention mechanisms and time-series analysis
models, these systems can identify sudden shock loads at an early
stage, offering accurate warnings to decision-makers and driving
the shift in water environment management from traditional
passive responses to proactive, intelligent management. The
feature-temporal attention-based long short-term memory (FTA-
LSTM) model is employed to process multidimensional sensor data,
enabling efficient detection of anomalous water quality patterns,
thereby significantly enhancing real-time response capabilities!?l.

Furthermore, image analysis supported by artificial intelligence
technologies is replacing traditional manual interventions, overcom-
ing subjectivity and inefficiency in monitoring, and improving the
accuracy and efficiency of surveillance. For example, by combining
computer vision and deep learning!'"), researchers utilize image
recognition technologies to monitor surface water changes in real-
time. In the event of anomalies such as increased phytoplankton
concentration or surface pollutants, early warnings are issued,
providing opportunities for preemptive responses to pollutant
spread and water quality deterioration!'2l. By providing timely alerts,
these systems facilitate early intervention, curbing the spread of
pollutants and improving the cost-effectiveness of environmental
management.

The digital transformation extends beyond monitoring and early
warning systems, opening new development pathways in water
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treatment processes. For instance, in the challenging domain of
high-saline organic wastewater treatment, deep learning has
catalyzed a paradigm shift for Fenton-like reactions. Models signifi-
cantly enhance the accuracy of degradation predictions while effec-
tively reducing reagent consumption and treatment costs by tack-
ling critical bottlenecks such as catalyst deactivation and complex
reaction pathways. Specifically, Transformers utilize attention mech-
anisms to decipher chloride-hydroxyl radical interactions for accu-
rate quenching prediction. Furthermore, reinforcement learning
agents (e.g., Deep Q-Networks) autonomously regulate pH and
dosage in real-time to stabilize efficiency against salinity fluctua-
tions!3l. Complementing these advances in pollutant degradation,
deep learning benefits water and wastewater disinfection by navi-
gating non-linear water matrix dynamics to optimize dosages for
agents like peracetic acid. These models surmount conventional
limitations by precisely predicting by-product formation and
residues, securing the optimal equilibrium between pathogen inac-
tivation and chemical safety('4],

With the introduction of LLMs and other technologies, digital
water systems are achieving intelligent optimization through more
sophisticated data reasoning and processing. For example, LLMs can
alleviate the scarcity of real hydrological data by generating
synthetic datasets!'l. Furthermore, these technologies not only
enhance real-time optimization of water quality, energy consump-
tion, and operational costs but also drive the development of fully
autonomous and self-optimizing water infrastructurel’sl. In the
future, as these technologies continue to evolve and be applied,
water management will become more intelligent and precise,
providing robust support for sustainable water resource utilization
and environmental protection. Crucially, the integrative capability of
Al extends beyond the water body itself. By assimilating data from
atmospheric deposition and soil leaching, Al models enable the
tracking of cross-media pollutant fluxes, bridging the gap between
aquatic health and terrestrial or atmospheric inputs. This intercon-
nected perspective is essential for realizing the holistic watershed
governance proposed in the new paradigm.

Soil environment: precise monitoring and
restoration strategy development

Accurately monitoring the concentration, spatial distribution, and
temporal dynamics of soil pollutants is fundamental to soil quality
assessment and pollution control. Al-driven models can integrate
multi-source soil data that are typically characterized by high
dimensionality, heterogeneity, and strong nonlinearity and extract key
features from complex interactions, thereby supporting the prediction
of contaminant concentrations, simulation of transport and
transformation processes, and risk assessment!'”. Machine-learning-
based approaches can identify key influencing factors from high-
dimensional monitoring data, thereby improving model robustness
and predictive accuracy!'®. To address the complexity of soil systems, a
methodological suite for data processing and model optimization has
evolved and been refined. This approach synergistically integrates
dimensionality-reduction strategies, regularization techniques, and
interpretability tools. Its application strengthens the predictive
modeling of soil pollutants and enhances the actionable insights
derived from model outputs for monitoring and remediation planning.

Algorithms such as random forests, decision trees, and convolu-
tional neural networks can extract key patterns from high-dimen-
sional and nonlinear soil datasets, facilitating pollution source iden-
tification, elucidation of heavy-metal and organic pollutant forma-
tion mechanisms, and significant improvement in concentration

and spatial distribution prediction!'?l. Demonstrating the capacity of
these models to synthesize vast, heterogeneous datasets, a recent
global analysis aggregated 796,084 sampling points from 1,493
regional studies. By employing the Extremely Randomized Trees
(ERT) algorithm, researchers successfully modeled the non-linear
relationships between environmental drivers and metal abundance,
precisely mapping global zones where toxic metals exceed agricul-
tural and human health thresholds?%. For instance, theory-guided
machine learning models have recently revealed that soil carbon
sequestration strategies may inadvertently heighten metal(loid)
mobility risks, thereby exposing the critical spatial divergence
between total pollutant content and actual bioavailability2'l. In
addition to quantitatively predicting the total concentrations of
heavy metals, Al models are increasingly leveraged to predict the
chemical speciation. By analyzing complex interactions between soil
physicochemical properties (e.g., pH, redox potential, and organic
matter), machine learning algorithms can accurately estimate the
partitioning of metals among different fractions (e.g., exchangeable
vs. residual forms). For soil property inference, neural networks and
ensemble learning models consistently outperform traditional linear
regression or interpolation methods in predicting indicators such as
soil organic carbon, nitrogen content, pH, and enzyme activity,
offering more accurate tools for soil health assessment and carbon-
cycle studies. Integrated ensemble learning frameworks (e.g., Lasso-
Stacking) have demonstrated superior capability in capturing high-
dimensional environmental heterogeneity, thereby significantly
improving the accuracy of predicting soil heavy metal(loid) concen-
trations and their spatial distributions for precise risk assessment!22,
Meanwhile, algorithm-driven intelligent control systems are acceler-
ating the automation of soil remediation equipment, enabling
autonomous material loading, precise reagent dosing, and uniform
mixing through automated recognition, quantitative analysis, and
real-time feedback, thereby improving remediation efficiency and
reducing secondary pollution risks. For instance, recent advance-
ments include robotic systems equipped with integrated sensors
that autonomously collect soil samples and analyze properties in
real-time, significantly reducing manual labor23., At broader spatial
scales, the integration of remote-sensing inversion algorithms,
deep-learning image models, and multi-sensor fusion technologies
enables the construction of high spatiotemporal resolution soil
monitoring systems capable of continuous soil-condition tracking,
dynamic pollution-spread warning, and decision support for reme-
diation strategies[?4l. Deep integration of LLMs with soil monitoring,
remediation, and management practices, completes a crucial feed-
back loop within intelligent environmental governance. This deep
integration of artificial intelligence redefines soil pollution manage-
ment. By refining soil-specific analytical frameworks and generating
interoperable models, it enhances remediation precision, promotes
sustainable land use, and strengthens ecological resilience. Further-
more, these intelligent systems facilitate the assessment of pollu-
tant migration risks from soil to groundwater and crops, effectively
linking soil remediation with water safety and food security within a
unified management framework(Fig. 2).

Atmospheric environment:
spatiotemporal analysis and process-
oriented insight

The atmospheric environment presents a unique governance
challenge due to its high spatiotemporal variability, rapid pollutant
transformation, and the transboundary nature of pollutant
transport!®®. Al technologies are reshaping the study and
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Fig. 2 Al-driven soil heavy metal prediction framework: from dataset to multi-task classification

management of the atmospheric environment by enabling a shift from
fragmented observations and mechanistic simulations to data-driven,
integrated, and predictive approaches. With the rapid expansion of
ground-based monitoring networks, mobile sensing systems, satellite
observations, and meteorological reanalysis products, atmospheric
science is in a landscape characterized by massive, heterogeneous data
streams. Al allows multi-source and multi-scale datasets to be fused,
interpreted, and transformed into coherent spatiotemporal
representations, greatly enhancing the capability to monitor pollution
dynamics, identify emergent patterns, and diagnose environmental
anomalies. Al also advances the understanding of atmospheric
processes by uncovering nonlinear relationships and latent structures
in pollutant interactions, providing insights essential for responsive
and scientifically grounded air-quality management!?°,

Substantial progress has been realized where Al is applied to
resolve intractable analytical challenges in atmospheric environ-
mental research, particularly those associated with heterogeneity,
nonlinearity, and the incomplete nature of observational datasets.
Within the realm of data synthesis, machine learning models have
proven effective at reconciling discrepancies among satellite
retrievals, ground-based measurements, and low-cost sensor obser-
vations, thereby enabling the construction of continuous, high-reso-
lution pollutant fields. For example, a hybrid approach that
combined graph-based learning with random forests was shown to
substantially reduce spatial discontinuities in tropospheric ozone
monitoring by exploiting the relational structure among monitor-
ing sites?’7. Advanced machine learning models can precisely
estimate daily concentrations of landscape fire PM2.5 by synthesiz-
ing outputs from chemical transport models, meteorological data,
and ground-level observations. Extending these data-driven capa-
bilities to high-fidelity Urban Air Pollution Mapping, researchers
have further deployed fleets of vehicles equipped with low-cost
sensors to serve as dynamic mobile monitoring networks. By lever-
aging decision tree algorithms such as XGBoost to fuse voluminous
mobile sensing data with sparse stationary monitor readings, road
network topology, and traffic flow metrics, these systems effectively
overcome the spatial limitations of traditional infrastructure, infer-
ring pollutant distribution at granular scales to pinpoint localized

contamination hotspots[2629. Beyond improvements to the observa-
tional foundation, Al has also advanced the investigation of com-
plex atmospheric chemical processes by identifying nonlinear
dependencies that govern secondary pollutant formation, multi-
phase reactions, and new particle events—dependencies that
conventional mechanistic models often struggle to capture with
sufficient flexibility. A notable example lies in source apportion-
ment, where data-driven models trained on extensive organic
carbon measurements increased the volume of analyzable organic
aerosol source information in Europe by more than a factor of four,
enabling more refined delineation of pollution hotspots and
improved assessments of population exposure. Al-driven emulators
of chemical transport and meteorological models further contribute
to rapid sensitivity analysis and scenario evaluation, offering a
computationally efficient complement to full-physics simulations.
Together, these developments illustrate how Al serves as a method-
ological extension of atmospheric science, enhancing its capacity to
extract mechanistic insight and evaluate environmental interven-
tions with greater speed and resolution.

The integration of Al into atmospheric environmental science is
poised to synergistically enhance observation, interpretation, and
decision support. Future progress will likely be driven by advances
in multimodal data assimilation, physics-informed learningB%, and
high-resolution predictive systems capable of capturing the
complex interactions among emissions, chemistry, and meteorol-
ogy. As LLMs evolve toward more domain-adapted and physically
constrained forms, they hold particular promise for integrating
dispersed atmospheric knowledge, facilitating model-data integra-
tion, and enabling more interpretable assessments of pollution
episodes and regulatory scenarios. The convergence of these devel-
opments is anticipated to support increasingly adaptive, transpar-
ent, and system-level air-quality management frameworks, marking
a significant step toward intelligent atmospheric governancel3'l,

Solid waste: intelligent sorting and
circular economy optimization

Solid Waste (MSW)
in urbanization and

The escalating
management,

challenge of Municipal
fueled by global trends
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consumption, underscores the unsustainability of the traditional linear
economic model and its attendant environmental risks®2734, In
response, the Circular Economy framework emerges as a transfor-
mative paradigm, advocating for a system redesign where waste is
eliminated, and materials are perpetually circulated®®>~3%, However, the
inherent challenge®>~3”! of implementing Circular Economy principles
in complex urban systems creates an imperative for a smarter
approach, positioning Al as the cornerstone of a new paradigm. This
Al-driven paradigm is being realized through capabilities that address
two interconnected pillars of sustainable waste management:
intelligent sorting and circular economy optimization.

Al overcomes critical limitations in waste segregation. Deep learn-
ing models (e.g., CNNs, YOLO) provide the perceptual foundation for
high-precision identification and classification of complex waste
streams, from municipal recyclables such as plastics and metals383
to disaster debris041], This capability extends to distinguishing
organic from inorganic fractionsl“243 and detecting specific waste
types like construction debris and illegal dump sites#445, Such
perceptual intelligence is subsequently embodied in dexterous
robotic action, where systems equipped with advanced control
architectures perform precise manipulation and sorting tasks!°l,

Al plays an equally pivotal role in circular economy optimization
by enabling predictive analytics and system-level orchestration.
Machine learning techniques, such as Random Forest (RF) and Long
Short-Term Memory (LSTM) networks, enable accurate forecasting
of municipal solid waste generation across scales, effectively reduc-
ing collection routing costs and optimizing collection logistics and
resource allocation[#748], Al further enhances resource recovery by
predicting outputs from processes such as plastic pyrolysis“?! and
improving sorting efficiency for food and agricultural wastel5951, At
the system level, this intelligence culminates in systemic orchestra-
tion through Digital Twin frameworks powered by Al and multi-
agent systems, which simulate, predict, and optimize the waste life-
cycle in real time, transforming linear flows into dynamic, closed-
loop material flows52. Collectively, these developments illustrate
Al's progression from a tool for automation to a foundational tech-
nology that underpins a smart, resilient, and truly circular waste
management system.

Building on proven operational intelligence in waste manage-
ment, future studies will focus on advancing the synergy between Al
and complementary digital infrastructures. The convergence of
machine learning with technologies such as digital twins and
blockchain is critical for creating a transparent, verifiable, and adap-
tive ecosystem. Subsequent research will prioritize the develop-
ment of robust algorithms capable of generalizing across heteroge-
neous waste types and facility operations, linking model innovation

to measurable circular economy outcomes. Through this integrated
approach, Al will solidify its role as the foundational layer of waste
management systems—transforming them from linear cost centers
into predictive, resilient, and inherently sustainable pillars of a circu-
lar economy.

Key considerations for environmental Al
model development

Advanced application of Al requires a deliberate integration of three
foundational pillars of Al (data, algorithms, and computational power)
according to the real application scenarios and the practical needs.
Especially, the inherent nonlinear relationships among multiple factors
and the presence of multidimensional stresses within environmental
systems further underscore the need for rigorous model development.
This section outlines key considerations and provides references for
constructing Al models (Fig. 3).

Dataset construction

High-quality data are essential for building robust and highly accurate
models. Environmental datasets are inherently complex and
heterogeneous, spanning diverse spatial and temporal scales,
measurement resolutions, and data modalities. These datasets
encompass structured data (e.g, physicochemical parameters,
pollutant toxicity) and unstructured data (e.g., images, videos, acoustic
signals). The quality and utility of such data are further shaped by
measurement uncertainty, sensor variability, missing records, and
inconsistencies  across  monitoring  networks.  Consequently,
constructing a comprehensive and reliable dataset requires the
integration of heterogeneous data sources, including long-term
monitoring records, controlled experimental measurements, and
open-source platforms guided by the specific objectives and
constraints of the research problem!>3!,

The representativeness of a dataset fundamentally determines
model reliability, often outweighing sheer data volume. In environ-
mental research, representativeness entails comprehensive cover-
age across relevant spatiotemporal scales, environmental gradients
(e.g., pollution levels, ecosystem states), and data modalities. Given
the intrinsic heterogeneity of environmental systems, datasets that
fail to capture key sources of variability, such as seasonal dynamics,
extreme events, or anthropogenic disturbances, inevitably limit the
transferability and robustness of model predictions. For example,
river water-quality modeling depends on long-term, multi-site
observations of meteorological, hydrological, and physicochemical
parameters to capture both baseline conditions and episodic
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anomalies such as seasonal shifts, storm-driven runoff, and pollu-
tion incidents. Predictive toxicology modeling similarly requires
datasets that span diverse biological systems, exposure durations,
and concentration ranges to ensure reliable characterization of
chemical hazards. Therefore, ensuring dataset representativeness is
a fundamental requirement for developing environmental Al
models that can generalize reliably, support policy-relevant deci-
sion-making, and remain robust under real-world variability!>4. At
the same time, strict data standardization is required—unified
measurement units, sensor calibration protocols, and metadata
formats. Without this, massive amounts of data will become noise
rather than valuable resources.

Data preprocessing

Data preprocessing is a critical stage for ensuring data quality,
enhancing model robustness, and aligning the dataset with the
requirements of downstream modeling tasks. Common preprocessing
procedures include the following components:

(1) Data curation constitutes a foundational component of data
preprocessing and is essential for establishing the integrity and
analytical reliability of a dataset. This process generally encom-
passes the systematic evaluation of data completeness, coherence,
and internal consistency, with attention to the handling of missing
information, the assessment of atypical or extreme observations,
and the remediation of structural or formatting discrepancies that
may undermine downstream analyses. Particularly in public toxicol-
ogy databases (e.g., ToxCast), handling chemical structures consti-
tutes a major bottleneck known as structural curation. Raw data
often contain inorganic salts, indeterminate stereochemistry, or
mixtures that confound predictive modeling. Therefore, specific
chemical standardization steps—including the removal of inorganic
salts, tautomer normalization, and the canonicalization of SMILES
strings—are indispensable. These measures ensure that the digital
representation of a molecule corresponds accurately to its bioactive
form, preventing errors where identical compounds are misidenti-
fied as distinct entities due to formatting variations. Importantly,
putative outliers are not treated merely as interference items; in
many cases, they may be key signals that indicate environmental
anomalies and therefore warrant careful contextual evaluation
rather than automatic removal®®>.. Through these quality-assurance
measures, data curation provides a rigorously vetted dataset that
supports more robust feature engineering and modeling practices.

(2) Feature engineering aims to refine the representation of raw
data and improve model applicability, typically through feature
selection, dimensionality reduction, and basic transformation proce-
dures. Feature selection seeks to retain variables that are both infor-
mative and non-redundant, drawing on statistical relevance assess-
ments, multicollinearity diagnostics, and model-based criteria to
identify features that contribute meaningfully to prediction. Dimen-
sionality reduction further streamlines the feature space by captur-
ing dominant variance structures through linear techniques such as
Principal Component Analysis (PCA), while nonlinear manifold-
learning approaches, including t-distributed Stochastic Neighbor
Embedding (t-SNE) and Uniform Manifold Approximation and
Projection (UMAP), are commonly used to visualize complex high-
dimensional patterns. In practice, these core procedures are
complemented by routine steps, such as constructing derived vari-
ables, encoding categorical attributes, and applying appropriate
scaling, all of which help ensure coherent and analytically robust
data representations across studies. Specifically for molecular char-
acteristics (Fig. 3), a shift is occurring from traditional 1D/2D descrip-
tors (e.g., ECFP) to deep learning-based representation learning.

Unlike fixed descriptors, techniques like Graph Neural Networks
(GNNss) extract latent high-dimensional features directly from molec-
ular structures, capturing complex topological dependencies often
overlooked by manual feature engineering.

(3) Imbalanced datasets, where certain classes or feature distribu-
tions are underrepresented, may lead to biased model learning,
resulting in overfitting to majority classes and poor minority-class
recognition. Typical imbalance types include binary imbalance,
multiclass imbalance, within-class imbalance, and small-sample rare-
event scenarios. To mitigate these issues, multiple strategies are
employed. Resampling and synthetic data generation (e.g., SMOTE)
help rebalance class distributions at the data level>8l, It is worth
noting that SMOTE needs to run strictly within the abstract feature
space. In the context of environmental chemometrics and toxicol-
ogy, this creates a significant risk of generating chemical
noise—synthetic feature vectors that mathematically exist but do
not correspond to physically valid or synthesizable molecular struc-
tures. Consequently, when handling molecular data, such methods
must be coupled with rigorous chemical validity filters, or replaced
by structure-aware generative deep learning models (e.g., Graph
Neural Networks or VAEs) that respect valence and topological
constraints. At the algorithmic level, cost-sensitive learning incorpo-
rates asymmetric misclassification costs directly into model training,
minimizing overall expected cost rather than error rate, an approach
shown to be effective in neural networks and other classifiers>71,
Ensemble methods, including bagging, boosting, and hybrid frame-
works, offer a complementary approach by combining multiple
learners to emphasize difficult or minority-class instances, thereby
improving predictive robustness®8l. Collectively, such approaches
help counteract class-distribution bias and support more reliable
model performance across underrepresented groups.

(4) Datasets should be partitioned into training, validation, and
test subsets (or training and test sets combined with cross-valida-
tion strategies), with commonly used ratios of 7:2:1 or 8:1:1, depend-
ing on dataset size and variability. To ensure unbiased model evalu-
ation, preprocessing steps that rely on model parameters (e.g., scal-
ing, imputation, or dimensionality reduction) should be fitted only
on the training set, with the resulting transformations subsequently
applied to the validation and test sets to avoid data leakage®l. In
studies involving external validation, it is also important to examine
whether the external dataset is distributionally comparable to the
training data, as substantial shifts in data characteristics may
compromise the reliability of generalization assessments.

Model architecture selection

The exponential growth of environmental data has catalyzed a
paradigm shift toward Al-driven environmental modeling. Machine
learning and deep learning methods offer unprecedented
opportunities to decipher complex, nonlinear relationships and
alleviate computational burdens in scenarios where underlying
processes remain partially obscure or theoretically intractable. For
instance, variational autoencoders (VAEs) effectively reduce
dimensionality and extract salient features from vast environmental
datasets, while isolation forests and clustering models robustly detect
anomalies such as pollutant level deviations®”. These methods can be
complemented by traditional statistical techniques, like threshold-
based methods, to ensure model outputs remain physically plausible
and theoretically grounded. However, traditional machine learning
models are typically designed for specific tasks, limiting their ability to
capture the interconnectedness of various environmental processes.
To overcome the limitations of the aforementioned single-paradigm
approaches, process-guided or knowledge-guided machine learning
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integrates mechanistic insights into data-driven models!®'. This hybrid
paradigm embeds scientific laws and domain knowledge into machine
learning workflows to improve accuracy, generalization, and
consistency with fundamental principles such as conservation laws. For
instance, a modeling framework for predicting vertical temperature
variations in lakes has employed the combination of process-based
components and recurrent neural networks. This yields better
performance for long-term trend predictions by constraining outputs
with ecological principles!®>%3,

The use of ensemble methods in environmental science inte-
grates outputs from multiple predictive models to improve the
accuracy and robustness of predictions. This technique leverages
the strengths of diverse models through approaches such as model
blending, which combines various predictions, and post-processing,
which refines outputs using observational data®¥. Ensembling is
widely applied in environmental disciplines, including weather fore-
casting, where it aggregates predictions from multiple numerical
weather models to enhance forecast precision[6566l,

Designing suitable model architectures for environmental science
involves addressing challenges related to scientific data complexity,
data heterogeneity, and scalability across regions and timescales[¢71,
Transfer learning enables the development of general-purpose
models that can leverage pre-trained knowledge. Building on this,
foundation models such as BERT and GPT have expanded transfer
learning by training on massive datasets, allowing them to general-
ize across tasks with minimal tuning(®), For instance, ChemBERTa, a
Transformer-based model pre-trained on millions of chemical struc-
tures (SMILES), serves as a general-purpose encoder that can be
fine-tuned for specific downstream tasks like toxicity prediction with
limited labeled data. Similarly, in remote sensing, foundation
models such as Prithvi leverage transfer learning from vast satellite
imagery archives to generalize across diverse environmental moni-
toring tasks—ranging from flood detection to fire scar
mapping—without requiring training from scratch. This capability
enables scalability and adaptability from well-studied systems to
data-scarce or unseen environments through effective knowledge
transfer. Furthermore, developing LLMs based on environmental
domain expertise and fine-tuned with data is also a research topic.
They can automatically extract key information, such as compound
names, their properties, and environmental effects, from extensive
literature. Additionally, they can offer recommendations for environ-
mental planning and management7.69, LLMs demonstrate signifi-
cant potential in organizing unstructured toxicological literature for
constructing Adverse Outcome Pathways (AOPs). By automating the
extraction of molecular initiating events and key events, LLMs can
accelerate the mechanistic understanding required for modern risk
assessment. These models are revolutionizing domains and trans-
forming environmental science by enabling holistic, scalable, and
integrated modeling approaches.

Model evaluation and selection

Effective evaluation of Al models focuses on their ability to address
unique challenges, such as multi-modal data integration, scalability,
and generalization across diverse environmental tasks and datasets.
Data splitting and cross-validation: Time-based and region-based splits
ensure models account for temporal dynamics and spatial
heterogeneity without introducing data leakage. K-fold cross-
validation assesses transferability across varied datasets, while domain-
specific methods, such as leave-one-region-out validation, evaluate
performance on unobserved geographic areas. For classification tasks,
common evaluation metrics include accuracy, precision, recall, F1-
score, and AUC-ROC curve. For regression tasks, MSE, MAE, and R-
squared can be used, combined with residual analysis to test model

fitting effectiveness’?. Beyond traditional regression metrics like root
mean square error (RMSE), multi-modal alignment scores, such as
contrastive loss in joint embeddings, evaluate the model's ability to
combine text, images, and numerical data. Furthermore, feature
importance tools help interpret the contribution of variables across
multi-modal inputs. They can reveal whether vegetation indices or
precipitation data dominate predictions in drought forecasting tasks.
Complementing performance metrics, defining the Applicability
Domain (AD) is a fundamental requirement for regulatory acceptance
(e.g., under REACH or OECD principles). The AD delineates the specific
physicochemical, structural, or biological space within which the
model makes reliable predictions. Without a strictly defined AD,
models risk 'blind extrapolation' to new chemical spaces, leading to
potentially hazardous errors. Therefore, evaluation protocols must
incorporate distance-based methods (e.g., Euclidean or Mahalanobis
distance), probability density estimation, or bounding box approaches
to establish these boundaries. Predictions falling outside the AD should
be explicitly flagged as low-confidence, ensuring that the model is
applied only within its validated limits. The generalization capabilities
of different baseline models should be compared on the test set to
select the model most suitable for the problem for in-depth research.

In the context of Al for environmental research, the ultimate goal
is to facilitate practical application in industrial production and
scientific research. Therefore, during the model evaluation and
selection stage, emphasis should extend beyond traditional metrics
to include interpretability and deployability”'l. The model with high
performance is not necessarily the most suitable. For instance, while
deep learning models might excel in prediction accuracy, their
complex structures often lack interpretability, and their substantial
computational requirements can complicate deployment on
devices. In summary, model selection should holistically balance
performance, explainability, and real-world constraints.

Challenges

The integration of Al into environmental science offers unprecedented
opportunities; meanwhile, it also faces significant challenges. These
challenges span data-related issues, model selection, and ethical
considerations, all of which need to be addressed for Al to fully realize
its potential in environmental research’?, These challenges not only
impact the effective application of Al in the environmental field, but
also determine the key directions for future development and
technological breakthroughs.

Data challenges

The success of Al in environmental applications is heavily dependent
on the quality of input data. However, environmental data are often
heterogeneous, sparse, and noisy, complicating data preprocessing
and feature engineering. These datasets are sourced from various
domains, including remote sensing, sensor data, and laboratory-
generated data, each with unique structures and formats, presenting a
challenge to data uniformity and consistency”?l. For example, remote
sensing data may suffer from low resolution and high noise levels,
while sensor data may contain missing or erroneous values due to
equipment malfunctions. These data issues directly impact model
training, reducing the performance of Al models and limiting their
predictive accuracy. A particularly persistent challenge, especially with
the proliferation of low-cost sensors, is sensor drift over time. To
mitigate this, Al-based auto-calibration is emerging as a crucial
solution, utilizing algorithms to dynamically detect and rectify signal
biases against reference nodes without the need for frequent manual
intervention.
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Researchers should develop techniques capable of handling
heterogeneous data. In particular, tackling the scarcity of multi-
source data in specific practical scenarios requires innovative meth-
ods to integrate data from various origins4l. This could involve
exploring cross-disciplinary data fusion and multi-modal learning
approaches!’s], which could more effectively capture the complex-
ity and diversity of environmental datasets. For instance, fusing
high-resolution satellite imagery (spatial data) with point-source
ground sensor time-series (temporal data) enables a more holistic
monitoring framework. Modern architectures, particularly Trans-
formers, facilitate the alignment of these disparate modalities
through cross-attention mechanisms, which map heterogeneous
inputs into a shared latent space to uncover deep spatiotemporal
correlations. Additionally, synthetic data generation, while useful in
filling data gaps, introduces the risk of non-physical artifacts that, if
not rigorously validated, can lead to model collapse and undermine
the scientific validity of results[76,

Model challenges

Apart from data-related issues, challenges also arise in the selection
and application of Al models themselves. In environmental research,
there is often a mismatch between the complexity of models and the
actual application requirements. While more complex models may
provide better fitting capabilities in theory, they often lead to excessive
computational costs and reduced interpretability in practice. Crucially,
this interpretability encompasses two distinct layers: statistical
interpretability (e.g., identifying influential features via SHAP values)
and mechanistic interpretability (e.g., aligning model logic with
established toxicological pathways or physical laws). For effective risk
assessment, statistical correlations must be corroborated by
mechanistic plausibility to ensure that decision-making is scientifically
sound and not merely artifact-driven. Given the importance of
transparency and explainability in environmental studies—where
the results inform policy-making and resource allocation—it is
crucial to ensure that Al models are not only accurate but also
understandablel3.

To mitigate this challenge, researchers should prioritize model
selection based on the specific needs of the application rather than
the inherent complexity of the model. Overly intricate models
should be avoided unless their superior performance is clearly justi-
fied by the problem at hand. Simple models, such as linear regres-
sion or decision trees, may often be sufficient for many environmen-
tal problems, while more advanced deep learning models can be
leveraged when handling large-scale data. Future research should
focus on developing context-aware models that align with specific
research objectives and operational constraints, balancing predic-
tive accuracy with computational efficiency’7),

Ethical and social challenges

The widespread use of Al in environmental research also brings about
significant ethical considerations. Al's application in environmental
monitoring and assessment often involves large amounts of sensitive
data, such as personal health information and land ownership records.
This raises concerns regarding privacy and data security, especially
when such data are used for predictive modeling and decision-making.
For example, the collection of environmental data may involve
sensitive personal health information, necessitating strict adherence to
ethical guidelines and legal frameworks to protect individuals' privacy
rights and ensure data security.

Al's broad application could exacerbate data inequities, particu-
larly between developed and developing regions. In many develop-
ing countries, environmental data quality is insufficient compared to
that in more technologically advanced nations, leading to unequal
access to environmental monitoring and governance tools. Al tech-
nologies should be deployed with a focus on equitable access to
data and technology, particularly for under-resourced and remote
areas, to ensure that global environmental management efforts are
inclusive and fairl78l, Future research should not only tackle techni-
cal challenges but also consider the social implications of Al, ensur-
ing that these technologies contribute to sustainable and globally
accessible solutions for environmental protection.

Future directions

With the continuous advancement of Al technologies, more innovative
methods and techniques are expected to emerge, enabling better
responses to environmental challenges. Future environmental
research warrants the integration of Al techniques with a focus on
improving data acquisition and processing technologies to enhance
model accuracy and adaptability, as well as designing Al solutions that
meet ethical standards and ensure the sustainability of their
applications. By integrating data generation technology, remote
sensing technologies, cloud computing, Internet of Things (loT)
devices, and blockchain, Al will be able to monitor global
environmental changes in real time, predict future environmental risks,
and provide timely and accurate feedback. These technological
breakthroughs will bring profound changes to environmental research,
elevating scientific precision whilst harmonizing the complex interplay
among engineering applications, functional material discovery, and
ecological health protection, thereby delivering more collaborative
and effective solutions for global environmental governance.
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