Constraints and Procedural Regulation of Algorithmic
Discretion in Environmental Enforcement

Bona Song
School of Marxism, Jining Normal University, Ulangab 012000, Inner Mongolia, China,
302405@jnnu.edu.cn

Abstract

Artificial intelligence, machine learning, remote sensing, sensor networks and predictive analytics are
changing the way environmental regulators detect violations, prioritize inspections and allocate enforcement
resources. These systems can improve the reach and speed of enforcement, particularly where agencies face
limited capacity and complex environmental data. Yet they also transform administrative discretion.
Algorithmic systems may decide which facilities are inspected, which communities receive regulatory
attention, which violations are treated as high risk and which entities face sanctions. This article examines the
legal constraints and procedural regulation required when environmental enforcement relies on algorithmic
discretion. It argues that algorithmic enforcement should be treated as a socio-technical form of administrative
power rather than a neutral technical aid. The article uses doctrinal and comparative legal analysis, focusing
on administrative law principles and emerging Al governance standards in the European Union, the United
States, India and selected international frameworks. The analysis identifies principal risks including opacity,
biased or incomplete data, automation bias, weakened procedural fairness, evidentiary uncertainty, privacy
concerns and accountability diffusion. It proposes a lifecycle framework requiring statutory authorization,
algorithmic impact assessment, data-quality review, explainability, meaningful human oversight, independent
audit, notice, reasons, appeal and judicial review. The article concludes that environmental agencies may use
Al to support enforcement, but core legal judgments must remain contestable, reasoned and accountable to
human public authorities.

Keywords: Algorithmic discretion; environmental enforcement; administrative law; artificial intelligence;
due process; explainable AI; environmental governance; judicial review; regulatory technology.

1. Introduction

Environmental enforcement has always depended on administrative discretion. Agencies decide where to
inspect, when to investigate, what evidence to prioritize and which enforcement response is proportionate.
These choices are legally significant because weak enforcement remains a central reason why environmental
laws fail to deliver ecological protection in practice. The United Nations Environment Programme has
described environmental rule of law as essential to closing the gap between formal environmental legislation
and actual compliance [1].

The digitalization of environmental governance intensifies this problem. Enforcement agencies
increasingly use satellite imagery, sensor networks, drones, geographic information systems, automated
reporting platforms and predictive analytics to detect pollution, illegal mining, waste dumping and
deforestation. UNEP has also emphasized that environmental rule of law now depends on institutional
capacity, compliance monitoring and public accountability, not merely on the existence of environmental
statutes [2].

Algorithmic discretion arises when computational systems materially influence or determine regulatory
choices. In environmental enforcement, such systems may rank facilities by risk, flag suspected violations,
generate inspection priorities, calculate compliance probabilities or recommend sanctions. This resembles
what Yeung describes as algorithmic regulation: governance through computational systems that monitor
behaviour and guide intervention [3].

The legal problem is not that algorithms are always wrong. The problem is that algorithmic outputs can
acquire administrative authority while remaining difficult to contest. Machine-learning tools may assist public
administration, but they can also displace deliberation, obscure reasons and reduce the visibility of human
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responsibility [4]. Environmental enforcement therefore requires a procedural model that preserves
technological benefits without allowing automated systems to bypass legality, fairness and review.

This article advances three arguments. First, algorithmic enforcement must be treated as a form of
administrative discretion rather than a purely technical support function. Second, procedural safeguards
should be calibrated to the level of algorithmic influence over the enforcement decision. Third, environmental
enforcement requires special attention to data quality, community impact and evidentiary reliability because
technical errors may lead to inspections, penalties, reputational harm or remediation obligations.

2. Literature Review

The literature on algorithmic governance identifies opacity as a central challenge. Pasquale's account of
the “black box society” shows how algorithmic systems can create asymmetries of knowledge and power
when affected parties cannot understand the basis of automated outputs [5]. In public administration, this
concern becomes a rule-of-law issue because legal authority must be reasoned, reviewable and attributable to
a responsible decision-maker.

Citron's work on technological due process is especially relevant to environmental enforcement. She
argues that automated public systems can undermine due process where individuals cannot see, challenge or
correct the data and logic used against them [6]. Environmental enforcement decisions may affect permits,
property, business operations and community health; therefore, procedural protections cannot be treated as
optional design features.

Environmental law scholarship has long recognized the importance of information in regulation.
Karkkainen's analysis of information-based environmental regulation demonstrates how disclosure,
monitoring and benchmarking can shape compliance behaviour even before formal sanctions are imposed [7].
Mol similarly describes informational governance as a transformation in the production and use of
environmental knowledge [8]. These insights explain why algorithmic enforcement is not merely a new
enforcement tool; it is a change in the architecture of regulatory power.

The technical literature also confirms the scale of environmental data now available to regulators. Global
forest-monitoring studies based on Landsat data demonstrated the feasibility of large-scale, high-resolution
environmental observation [9]. Cloud-based geospatial platforms such as Google Earth Engine have further
increased the ability of regulators, researchers and civil society to process planetary-scale environmental data
[10].

At the same time, algorithmic governance literature warns that data-driven systems may reproduce
discrimination. Barocas and Selbst show how apparently neutral data-mining practices can produce disparate
impact [11]. Selbst and co-authors extend this concern by explaining that fairness failures often arise when
technical systems abstract away the social context in which decisions operate [12].

Accountability scholarship responds by emphasizing auditability, contestability and procedural
verification. Kroll and co-authors argue that accountable algorithms require mechanisms through which
decisions can be examined and challenged [13]. Deeks further explains that courts will increasingly need to
demand intelligible explanations for algorithmic decisions used in legal settings [14]. This article applies those
insights to environmental enforcement, where automated detection and prioritization systems can quickly
become the basis for coercive administrative action.

The research gap is therefore specific but important. Existing scholarship addresses algorithmic
governance, administrative automation and environmental data systems, but fewer studies integrate these
strands into a procedural framework for environmental enforcement. This article contributes by connecting
administrative law constraints with Al governance tools and environmental rule-of-law requirements.

3. Methodology

The article adopts a doctrinal and comparative legal methodology. It examines legal principles that govern
administrative discretion and applies them to algorithmically assisted environmental enforcement. The
analysis is normative rather than empirical: it does not test a particular enforcement algorithm, but it develops
a procedural framework that can be used by legislatures, regulators, courts and environmental agencies.

The doctrinal component reviews legality, procedural fairness, reason-giving, proportionality,
accountability and judicial review. These principles are analyzed as constraints on public power where



Constraints and Procedural Regulation of Algorithmic
Discretion in Environmental Enforcement

algorithmic outputs influence inspection priorities, enforcement notices, penalty recommendations or
compliance classifications.

The comparative component focuses on the European Union, the United States and India because they
represent different regulatory models: comprehensive risk-based Al regulation, administrative-law-based
review and constitutionally grounded digital governance. Canada is used as a supplementary operational
model because its public-sector framework shows how automated decision systems can be classified, assessed
and monitored through an Algorithmic Impact Assessment process. International instruments are used to
identify cross-jurisdictional principles of risk management, human oversight and accountability. The objective
is not to transplant one jurisdiction's law into another, but to identify procedural safeguards that can travel
across legal systems.

The article also uses framework synthesis. It organizes risks and safeguards across the lifecycle of an
algorithmic enforcement system: pre-deployment design, operational use and post-deployment oversight.
This structure is used to generate the tables and figures in the Results and Analysis section.

4. Results and Analysis
4.1 Algorithmic discretion is a spectrum, not a single category

The first finding is that algorithmic discretion should be understood as a spectrum. At one end, Al merely
assists officials by organizing information. At the other end, automated systems directly trigger enforcement
consequences. Legal risk rises as the system becomes more determinative and as human officials lose practical
ability to question the output.

The difference matters because procedural safeguards should not be identical for every system. A low-risk
mapping tool may require data provenance and documentation. A risk-scoring system that determines
inspection priorities requires validation, bias testing and human review. A tool that automatically generates
penalties or suspension orders requires the strongest form of statutory authorization, explanation, appeal and
judicial scrutiny.

Forms of algorithmic discretion in environmental enforcement
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Figure 1. Forms of algorithmic discretion and corresponding safeguard intensity.
Table 1. Forms of algorithmic discretion in environmental enforcement

Form of discretion

Human discretion

Al-assisted
discretion

How it operates

Officials use their own
judgment without
algorithmic ranking.
Algorithm provides
information or
recommendations, but
officials can disregard

Environmental example

Inspector decides whether
to revisit a facility after a
complaint.

Satellite alert suggests
possible deforestation

requiring field verification.

Minimum procedural
safeguard

Ordinary reasons, records
and supervisory review.

Disclosure of data source,
uncertainty and validation
method.
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Form of discretion

Al-constrained
discretion

Automated
discretion

How it operates

them.

Algorithm narrows
practical options or
assigns risk categories
that structure the
decision.

System directly initiates
legal consequences with
minimal human
assessment.

Environmental example

Risk score determines
which industrial facilities
receive priority inspection.

Automated notice, penalty
trigger or permit flag based
on sensor data.

Minimum procedural
safeguard

Human override, bias audit,
explanation and documented
reasons.

Clear statutory
authorization, prior notice
where possible, appeal and
strict review.

Source: Author’s synthesis based on the doctrinal analysis.
4.2 Environmental enforcement Al creates a legal data pipeline
The second finding is that Al-based environmental enforcement operates through a data pipeline. The
legal decision is not created only at the final enforcement stage. It is shaped earlier by the selection of data
sources, coding practices, model design, validation thresholds and institutional assumptions about risk.

This pipeline is legally important because errors may enter at each stage. A sensor may be poorly
calibrated, satellite imagery may be obscured by cloud cover, land-use categories may be misclassified, or
historic inspection data may reflect unequal enforcement priorities. If the final official treats the algorithmic
score as neutral evidence, the pipeline can convert technical uncertainty into legal authority.

Al-assisted environmental enforcement pipeline

Environmental
data sources

Data quality
and governance

Al analytics
and risk scoring

Inspection or
enforcement priority

Human official
review

Reasoned enforcement
decision and notice

Model validation

and error reporting

Data provenance
and calibration

Proportionality
assessment

Human override
and reasons

judicial review

Appeal and ’

The pipeline must remain reviewable at every stage because technical errors can become legal consequences.

Figure 2. Al-assisted environmental enforcement pipeline with review points.

Application

Satellite monitoring of

deforestation

Air and water
pollution sensors
Predictive inspection
targeting

Illegal mining

Regulatory benefit
Large-scale and near
real-time detection of
forest loss.
Continuous compliance
monitoring and faster
detection of
exceedances.

Better allocation of
scarce inspection
resources.

Rapid identification of

Procedural risk

False positives, land-tenure

complexity and contextual
blind spots.

Calibration errors, sensor
drift and missing
contextual evidence.

Reproduction of historical
inspection bias.

Misclassification of lawful

Table 2. Common Al applications in environmental enforcement

Required control

Field verification and
disclosure of imagery date,
resolution and uncertainty.
Calibration records, data-
quality logs and
opportunity to rebut
readings.

Bias testing and periodic
review of inspection
outcomes.

Human review, local



Application
detection

Digital compliance
reporting

Regulatory benefit
remote or hidden
extraction activity.

Lower reporting cost
and easier cross-
checking of submitted
data.

Source: Author’s synthesis based on the doctrinal analysis.
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Procedural risk

land disturbance or
informal livelihood
activity.

Data-entry errors and
automated flags without
explanation.

4.3 The main procedural risks are legal, not only technical

The third finding is that algorithmic enforcement risks should be evaluated as legal risks. Opacity affects
the ability to give reasons. Data bias affects equality and proportionality. Automation bias affects the quality
of human judgment. Accountability diffusion affects the possibility of judicial review and public

responsibility.

Required control

context assessment and
reasons before
enforcement.

Correction process, audit
trail and accessible notice.

Due process doctrine is helpful because it asks whether the affected party has a meaningful opportunity to
understand and challenge the basis of an adverse decision. The balancing approach in Mathews v. Eldridge
remains relevant where algorithmic systems increase the risk of erroneous deprivation and where additional
safeguards would reduce that risk [15].

Relative severity of key procedural risks

Data bias

Automation bias

Privacy risk

Evidentiary error

Accountability gap

4
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Source: Author's qualitative synthesis of the doctrinal risk analysis.

Figure 3. Author’s qualitative assessment of procedural risk severity in algorithmic environmental enforcement.
Table 3. Risk matrix for algorithmic environmental enforcement

Risk
Opacity

Biased data

Automation bias

Typical source
Complex model architecture
or proprietary software.

Historical inspection
patterns or uneven
complaints.

Official over-reliance on risk
scores.

Legal consequence
Affected parties cannot
understand or contest the
enforcement basis.
Disproportionate targeting
of already monitored
communities.

Loss of individualized
assessment and
proportionality.

Regulatory response
Explainability,
documentation and reason-
giving.

Representative data review
and bias audits.

Mandatory human review
and override record.
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Risk Typical source Legal consequence Regulatory response
Evidentiary Sensor error, cloud Wrongful enforcement or Validation, uncertainty
uncertainty interference or geospatial excessive sanction. disclosure and field

misclassification. verification.
Accountability Multiple vendors, agencies  No clear responsible actor = Named accountable officer
diffusion and model operators. for error correction. and audit trail.

Source: Author’s synthesis based on the doctrinal analysis.
4.4 Reason-giving and judicial review must be redesigned for algorithmic administration

Administrative law requires agencies to justify their decisions. In the United States, arbitrary and
capricious review requires reasoned decision-making rather than unexplained reliance on conclusory
assertions. State Farm remains a useful analogy because an agency using Al must still examine relevant factors
and explain its reasoning [16].

The same principle follows from the Chenery doctrine: an administrative decision must stand or fall on
the reasons given by the agency itself [17]. If the reason is effectively “the algorithm said so,” the legal basis for
review becomes weak. Agencies must therefore translate algorithmic outputs into legally intelligible reasons
that identify evidence, uncertainty and discretionary judgment.

This does not mean that every technical detail must be public in every case. It means that enough
information must be available for an affected party and reviewing body to understand what data were used,
what inference was drawn, what uncertainty remained and how the human official evaluated the output.

4.5 Bias can travel from enforcement history into future enforcement

The fourth finding is that historical enforcement bias can become future algorithmic bias. Environmental
data are rarely neutral. They reflect where monitors were installed, which communities filed complaints,
which industries were inspected and which violations were politically visible. A model trained on such data
may learn the pattern of past enforcement rather than the pattern of actual environmental harm.

This is especially problematic where vulnerable communities are either over-monitored or under-
protected. Over-monitoring may produce more recorded violations and therefore higher future risk scores.
Under-monitoring may make serious pollution invisible to the model. Both outcomes undermine
environmental rule of law because algorithmic systems can give unequal enforcement histories the appearance
of objectivity.

How historical enforcement bias can enter algorithmic enforcement

Uneven inspections

Disproportionate
or complaints

Biased or incomplete Distorted risk Over-reliance by
i enforcement outcome

* training data classification decision-maker

Appeal and

Representative . : Meaningful human
‘ inspection data ’ ‘ Data audit ’ ‘ Bias testing ’ ‘ oversight community review

The risk is not only technical error; it is the legal conversion of unequal data into apparently neutral authority.

Figure 4. Pathway by which historical enforcement bias can influence algorithmic enforcement outcomes.
4.6 Comparative legal approaches show a movement toward risk-based procedural safeguards
The European Union provides the clearest example of a risk-based Al governance model. Regulation (EU)
2024/1689 creates obligations for high-risk Al systems, including risk management, data governance, technical
documentation, transparency, human oversight, accuracy and post-market monitoring [18]. Environmental
enforcement systems are not named as a single category, but systems used by public authorities to produce
legal effects or to assist legal decision-making should be assessed through a high-impact lens.
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The GDPR remains relevant because environmental enforcement tools may process personal data, location
data, business data or complaint data. Article 22 and related transparency provisions show that automated
decision-making with legal or similarly significant effects requires procedural attention [19]. The Court of
Justice's SCHUFA judgment confirms that scoring systems can fall within automated decision-making rules
where a third party relies strongly on the score [20].

Canada's Directive on Automated Decision-Making is useful as an operational model because it links
automated public decision-making to impact levels, notice, explanation, testing, peer review, monitoring and
human intervention [21]. Its Algorithmic Impact Assessment tool demonstrates how agencies can structure
pre-deployment review through standardized questions about risk, impact and mitigation [22].

In the United States, there is no single federal Al statute equivalent to the EU AI Act. Nevertheless, the
NIST Al Risk Management Framework provides a practical governance vocabulary around mapping,
measuring, managing and governing Al risks [23]. These functions are highly relevant for environmental
agencies using predictive systems or automated monitoring.

International standards also support procedural safeguards. The OECD AI Recommendation emphasizes
rights, robustness and accountability [24]. UNESCO's
Recommendation on the Ethics of Artificial Intelligence similarly stresses human oversight, fairness,

human democratic values, transparency,

sustainability and accountability [25]. These principles are not substitutes for domestic law, but they can guide
legislative and administrative design.

Framework

European Union

United States

Canada

India

International
standards

Table 4. Comparative regulatory position

Core approach

Risk-based Al regulation
through the AI Act,
supported by data-
protection law.

General administrative law,
due process and sector-
specific governance;
voluntary NIST risk
framework.

Directive on automated
decision-making and
mandatory algorithmic
impact assessment for
federal systems.
Constitutional principles of
equality, non-arbitrariness,
privacy and natural justice;

emerging digital regulation.

Soft-law and treaty-based
principles on trustworthy
AL

Source: Author’s synthesis based on the doctrinal analysis.

Strength for
environmental
enforcement

Strong obligations for high-
risk systems, including
transparency,
documentation and human
oversight.

Reasoned decision-making
and judicial review can
constrain unexplained
algorithmic reliance.

Practical model for risk
classification, notice,
explanation and peer
review.

Strong constitutional basis
for contestability and
proportionality.

Provide common language
for accountability,
transparency and human
oversight.

Remaining gap

Environmental
enforcement is not
separately categorized;
application depends on
system function and legal
effect.

No comprehensive
federal Al statute for
public-sector
environmental
enforcement.

Applies directly only
within its administrative
scope.

No dedicated public-
sector algorithmic
decision-making statute
yet.

Need translation into
enforceable domestic
procedures.
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4.7 Toward a constitutionally grounded model of algorithmic environmental enforcement in India

India's environmental enforcement context is distinct because administrative digitization is expanding
rapidly while statutory Al regulation remains in development. The Digital Personal Data Protection Act, 2023
creates a general framework for digital personal data processing and is relevant where environmental
enforcement systems use identifiable personal or location-linked data [26].

Constitutional doctrine supplies additional safeguards. Puttaswamy recognizes privacy as a constitutional
right and requires legality, legitimate aim and proportionality for state action affecting privacy [27]. A.K.
Kraipak affirms that natural justice applies to administrative action affecting rights and interests [28]. Maneka
Gandhi further strengthens the requirement that procedure affecting personal liberty must be fair, just and
reasonable [29].

These principles are directly relevant to algorithmic environmental enforcement. If a regulator uses Al to
prioritize inspections, trigger notices or recommend penalties, the affected person or entity should be able to
know the basis of the decision, correct inaccurate data, submit contrary evidence and seek review before
serious consequences are finalized.

5. Discussion: Toward Procedural Regulation of Algorithmic Discretion

The analysis shows that algorithmic discretion cannot be regulated only by technical standards. It must be
integrated into administrative law. Environmental agencies should be free to use digital tools, but the use of
such tools must remain subordinated to legality, reasons, proportionality and review.

The Council of Europe Framework Convention on Artificial Intelligence reinforces this point by linking Al
lifecycle governance to human rights, democracy and the rule of law [30]. In environmental enforcement,
lifecycle governance means that safeguards must begin before deployment, continue during operational use
and remain available after an enforcement decision is made.

A purely transparency-based model is insufficient. Hildebrandt warns that smart technologies can reshape
the conditions under which law is applied and understood [31]. Therefore, algorithmic enforcement requires
more than disclosure; it requires institutional capacity to question, validate and override automated
recommendations.

Public-sector machine learning also changes bureaucratic practice. Veale and Brass show that algorithmic
systems can affect public management by reorganizing discretion and accountability [32]. In environmental
enforcement, this means that agencies must decide in advance who is responsible for the model, who may
override it, who reviews errors and how affected parties obtain reasons.

Audit is necessary but should not be treated as a final solution. Raji and co-authors develop an end-to-end
auditing framework that connects design, testing and deployment [33]. Environmental agencies should adopt
this lifecycle approach, but audits must be accompanied by enforceable rights of notice, explanation,
correction, appeal and judicial review.

The European Commission's Trustworthy AI Guidelines identify human agency, technical robustness,
privacy and data governance, transparency, fairness, societal well-being and accountability as core
requirements [34]. These requirements are particularly useful in environmental enforcement because they link
technical reliability with public legitimacy and environmental protection.



Constraints and Procedural Regulation of Algorithmic
Discretion in Environmental Enforcement

Procedural regulation across the algorithmic enforcement lifecycle

Pre-deployment Operational use Post-deployment oversight

[ Statutory mandate ] Human-in-the-loop review Independent audit

Algorithmic impact assessment Explainable reasons

Data quality review Judicial review

| |
l Appeal mechanism l
| |

|

Record keeping l

Public consultation Remediation and feedback

Continuous monitoring

Audit findings and appeal outcomes should improve future data, model design and administrative practice.

Figure 5. Lifecycle framework for procedural requlation of algorithmic environmental enforcement.
Table 5. Recommended procedural safeguards

Stage
Pre-deployment

Pre-deployment

Operational use

Operational use

Post-deployment

Post-deployment

Safeguard
Statutory authorization and
public purpose statement.

Algorithmic impact
assessment and
environmental justice review.
Explainable notice and
reasoned decision.

Human-in-the-loop review
with override authority.

Independent audit and public

reporting.
Appeal, correction and

judicial review.

Purpose

Prevents unauthorized
delegation of core
regulatory authority.
Identifies risks before the
system affects inspections
or sanctions.

Allows regulated parties
to understand the case
against them.

Prevents mechanical
reliance on algorithmic
outputs.

Detects drift, bias, error
rates and unequal impact.
Allows affected parties to
challenge data and model-
based conclusions.

Legal effect
Establishes legality and
institutional
responsibility.

Creates a record for
oversight and review.

Supports due process and
meaningful appeal.

Preserves administrative
judgment and
proportionality.

Enables accountability
and democratic oversight.
Ensures legal remedies
and error correction.

Source: Author’s synthesis based on the doctrinal analysis.
6. Recommendations

First, legislatures should require express statutory authorization before high-impact algorithmic systems
are used to initiate or materially influence environmental enforcement action. General administrative
convenience should not be treated as sufficient authority for automated legal consequences. This
recommendation follows the same risk-sensitive logic that underlies high-risk Al governance in the EU AI Act
[18].

Second, environmental agencies should conduct algorithmic impact assessments before deployment.
These assessments should cover purpose, data sources, affected groups, error rates, bias risks, privacy
implications, environmental justice concerns, human oversight and appeal mechanisms. Canada's AIA model
illustrates how such pre-deployment review can be operationalized in public administration [22].
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Third, agencies should maintain strong data governance. Environmental datasets should be documented
for provenance, temporal coverage, geographic coverage, missingness, calibration, uncertainty and
representativeness. Historical enforcement data should not be used without examining whether it reflects
unequal inspection practices.

Fourth, enforcement decisions influenced by algorithms should include intelligible reasons. Affected
parties should be told the data source, the relevant risk factors, the degree of uncertainty, the role of the
algorithm and the human official responsible for the final decision. This is necessary to preserve a meaningful
opportunity to challenge adverse state action [15].

Fifth, meaningful human oversight must be more than a formal signature. Officials should have authority,
competence and institutional incentives to question algorithmic outputs. Override decisions should be
documented, but officials should not be penalized for disagreeing with a model where evidence justifies
departure. This approach is consistent with lifecycle governance directed toward human rights, democracy
and the rule of law [30].

Sixth, independent audits should be mandatory for high-impact systems. Audits should examine
accuracy, bias, environmental relevance, differential impact, security, drift and compliance with procedural
requirements. Audit summaries should be public unless a legally recognized confidentiality interest justifies
limited redaction. Audit should be treated as a continuing lifecycle practice rather than a one-time approval
step [33].

Seventh, affected parties and affected communities should have procedural rights. These should include
notice, access to relevant evidence, opportunity to correct data, opportunity to present contrary evidence,
administrative appeal and judicial review. Community review is especially important where algorithmic
enforcement affects areas already burdened by pollution or regulatory neglect.

7. Conclusion

Algorithmic systems are becoming part of environmental enforcement. They can help regulators identify
violations, process complex data and allocate scarce resources more efficiently. Used carefully, they can
strengthen environmental rule of law. Used carelessly, they can reproduce unequal enforcement histories,
obscure legal reasons and weaken procedural fairness.

This article has argued that algorithmic discretion must be regulated as administrative discretion. The
relevant question is not simply whether an Al system is accurate. The question is whether its use is lawful,
explainable, contestable, proportionate, accountable and environmentally just. The strongest safeguard is a
lifecycle framework that begins before deployment and continues through operation, appeal, audit and
revision.

Environmental agencies should therefore adopt Al only as a decision-support mechanism. Core legal
judgments should remain with accountable human officials who can explain their reasoning and whose
decisions can be challenged before administrative and judicial bodies. The legitimacy of future environmental
enforcement will depend on this balance between technological capacity and the rule of law.
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