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[bookmark: _Toc227967378]Executive Summary
Unless BP has incorporated an AI Governance Board and implemented explainable AI (XAI) audit controls on all safety-critical systems within 90 days, BP will be subject to cumulative regulatory fines exceeding USD 1 billion by 2028 under EPA and BSEE regulatory frameworks, based on Clean Air Act civil penalty maximum of USD 70,117 per day per violation (42 USC 7 This report includes a consultancy review of the governance, risk, and regulatory issues with the implementation of AI within the operations of the upstream and downstream of bp in the United Kingdom and the United States.
The study is applicable to the two-jurisdiction PESTLE framework, Porter Diamond Model and OLI (Ownership, Location, Internalisation) framework, to determine the strategic role of BP in AI governance. It enumerates four categories of AI risks of priority: sensor-based AI bias of under-reporting methane; false negatives in Blowout Preventer (BOP) predictive maintenance systems; algorithmic discrimination in workforce and safety decision systems; and AI-assisted ESG greenwashing using data manipulation or selective disclosure.
The report advises the creation of a cross-functional AI Governance Board, the establishment of XAI audit measures in all safety-critical systems, a multi-sensor methane monitoring network, and certification of ISO/IEC 42001 by 2028. The overall amount of the estimated investment of about GBP 67.8 million (approximately USD 84.8 million at GBP/USD 1.25 on average in March 2026, though) is slightly less than 0.31 per cent of BP's 2023 EBITDA of USD 27.7 billion and significantly less than the possible cost of a significant regulatory enforcement action.
The implementation plan has three fundamental priorities: (1) within 90 days create the AI Governance Board to achieve an immediate reduction in regulatory risk; (2) within six months deploy XAI audit tools to achieve a payback of an estimated 18 months using reduced insurance premiums and cost of capital; and (3) within 2028 consider ISO/IEC 42001 certification to achieve a payback of estimated 18.
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1.0 Introduction
[bookmark: _Toc227967380]1.1 Purpose and Scope
This report, commissioned by RFD Global on behalf of British Petroleum plc (bp), analyses the governance, risk and regulatory aspects of AI implementation in the upstream oil and gas business of bp in the United Kingdom and the United States. The applications of AI include predictive maintenance, environmental monitoring, workforce management, and ESG disclosure. It is based on the PESTLE analysis, which will compare the macro-environmental conditions in which AI is regulated in each jurisdiction and give priority to four categories of AI-driven risks that should be organised and addressed through mitigation. The report ends with a costed, stepwise implementation plan that is in line with the existing and expected regulatory provisions in the two markets.
[bookmark: _Toc227967381]1.2 BP Corporate Background
British Petroleum plc (BP) is an integrated energy company that is among the largest in the world and is operating in more than 60 countries, employing approximately 87,000 people, with its upstream activities in the North Sea, United Kingdom, the Gulf of Mexico, the Permian Basin, Azerbaijan, Angola and Australia. The company has reported revenues of over USD 213 billion. The company has publicly committed to becoming net-zero by 2050 and has placed digital transformation, including AI, at its centre as a strategic facilitator of this shift. AI is already implemented throughout the operations of BP in such applications as seismic data analysis, equipment health monitoring, process optimisation, and emissions tracking. The deployments are simultaneously a source of competitive advantage and an increasing source of operational, legal and reputational risk.
[bookmark: _Toc227967382]1.3 Why AI in the Energy Sector
One of the most impactful deployment settings of AI in the world is the energy sector, with the upstream oil and gas sub-sector falling under it. There is a growing use of AI systems in making or assisting decisions that directly impact worker safety, environmental compliance, asset integrity, and financial disclosure. The industry is dependent on remote and high-risk assets, and the material impacts of system failure, which is why AI governance is not a simple technical issue but a strategic and fiduciary duty; BP has a dual-jurisdiction risk profile in the United Kingdom and the United States, which means that the two regulatory regimes differ significantly in their philosophy, enforcement strategy and specificity.
[bookmark: _Toc227967383]2.0 Main Findings
[bookmark: _Toc227967384]2.1 PESTLE Analysis: UK and US AI Regulatory Environments
The macro-environment surrounding the introduction of AI in the energy industry is found in the swiftly changing political, economic, social, technological, legal, and environmental factors. An organised PESTLE analysis between the UK and the US shows that there are material differences in the regulatory philosophy that pose structural compliance risks to dual-jurisdiction players, including BP. The different PEST dimensions below are analysed individually to enhance analytical rigour and to prevent confounding of variables.
	Factor
	UK Regulatory Environment
	US Regulatory Environment
	Implications for bp AI Operations

	Political
	Pro-innovation AI framework; goal-based ALARP (As Low As Reasonably Practicable) approach via HSE; devolved regulatory authority post-Brexit
	Prescriptive BSEE rules (30 CFR §250); Executive Order 14110 (Biden) on safe AI; ongoing legislative fragmentation across federal agencies
	BP must maintain dual compliance postures; UK flexibility contrasts with US rule specificity, increasing governance complexity.

	Economic
	North Sea Transition Deal; AI investment incentives under ARIA; energy sector capital pressure amid decarbonisation targets
	Inflation Reduction Act incentives for clean energy tech; SEC climate disclosure rules escalating AI-linked ESG reporting costs
	Cost-benefit calculus for AI adoption differs by region; BP's Gulf of Mexico operations carry a higher regulatory cost burden.

	Social
	Growing public scrutiny on AI algorithmic bias; worker union concerns over AI-driven job displacement in the energy sector
	Stronger civil society AI accountability movements; environmental justice communities adjacent to BP US operations demand transparency.
	Social licence to operate requires explainable AI; bias risks in AI hiring or safety scoring must be actively mitigated.

	Technological
	AI adoption in predictive maintenance and leak detection is maturing; UK ARIA funds frontier AI R&D; XAI standards are emerging via the Alan Turing Institute.
	Advanced ML for seismic imaging and BOP control; NIST AI RMF 1.0 (2023) provides voluntary technical standards; DOE AI research funding
	Interoperability of AI systems across UK/US assets requires harmonised data protocols; XAI deployment is critical for regulator trust.

	Legal
	UK AI Act equivalent under development; Data Protection Act 2018 / UK GDPR; HSE AI guidance is non-statutory but expected standard of care
	No federal AI Act; sector-by-sector enforcement; EPA Clean Air Act methane rules (40 CFR Part 60); BSEE BOP integrity regulations
	Legal liability for AI-driven decisions remains untested; BP faces exposure if AI systems misclassify equipment status or under-report emissions.

	Environmental
	North Sea Transition Authority emissions monitoring; AI-assisted CCUS (Carbon Capture); UK net zero 2050 statutory commitment
	EPA methane final rule (2024); US Congress AI environmental impact legislation proposed; SEC Scope 3 disclosure requirements
	AI-powered methane detection and ESG reporting are strategic imperatives; inaccurate AI environmental outputs create legal and reputational exposure.


Table 1: PESTLE Comparison of UK and US AI Regulatory Environments for BP Upstream Operations
Political: The UK government, through its strategy of pro-innovation AI, which is led by the Department for Science, Innovation and Technology (DSTI), is using a principles-based approach to assign regulatory responsibility to the established sectoral authorities like the Health and Safety Executive (HSE) (Department for Science, Innovation and Technology, 2024). The HSE implements the ALARP principle to AI-related risks by using the existing safety frameworks to extend to algorithmic systems without introducing a new law (Health and Safety Executive, 2023). The United States, in contrast, uses a more prescriptive regulatory approach, with the Bureau of Safety and Environmental Enforcement (BSEE) imposing specific technical requirements under 30 CFR §250, such as fixed BOP testing requirements that need to correspond to AI-driven maintenance deliverables. According to Anderson (2025), it is challenging to enforce rigid regulatory systems on dynamic technologies, and this is the main trouble of BP operations under both jurisdictions.
Economic: BP takes advantage of the fact that in the UK, the North Sea Transition Deal has supported digital technologies, and the funding streams of the Advanced Research and Invention Agency (ARIA) on frontier AI applications in the energy transition. The Inflation Reduction Act gives incentives to deploy clean energy technology in the US, though the SEC climate disclosure rules (finalised March 2024, with Securities Release No. 33-11275) are increasing the costs of compliance through incremental levels of precision of AI-assisted ESG data collection. Mardanov et al. (2026) empirically show that AI adoption in oil and gas is sensitive to the regulatory cost environment, with firms based in jurisdictions with high enforcement recovering AI investment much more slowly than those based in jurisdictions with enabling regulatory environments, indicating the economic materiality of the regulatory gap between the UK and the US in the context of investment decisions made by BP.
Social: Consequential energy decisions: AI acceptance by the public is an ever-more-important governance variable that both the UK and US regulatory settings are starting to codify. Within the UK, the increasing concern among civil society regarding algorithmic bias and the loss of jobs to workers in the energy industry has seen the involvement of the unions in the decision-making process on AI implementation. In the United States, activist groups such as the Algorithmic Justice League and AI Now Institute have stepped up pressure on organisations to disclose corporate AI systems, especially in communities near energy infrastructure, where the environmental justice issue exacerbates the need for algorithmic accountability. Hatoum et al. (2023) affirm that social licence considerations constitute the first, and often underemphasised, aspect of PESTLE analysis of capital-intensive infrastructure companies, which is why the dimension is of strategic significance to the community relations and public affairs strategy adopted by BP.
Technological: The two jurisdictions are moving towards explainable AI (XAI) as the technical standard of regulatory trust, although at varying paces. Machlev et al. (2022) review the XAI methods in the energy and power systems and conclude that the main technical obstacle to regulatory acceptance of AI decision-making is the lack of transparency, and tools like SHAP (Shapley Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) may offer a way to comply. Alsaigh et al. (2023) generalise this discussion to smart energy governance, stating that explainability is not only a technical attribute but a governance requirement without which no AI system can meet the UK ALARP requirement or the US documentation-heavy BSEE model. The NIST AI Risk Management Framework 1.0 (2023) serves as the de facto voluntary technical standard by which regulators in the US are evaluating the maturity of AI governance in the regulated industry, and is also increasingly becoming a reference point by UK regulators to base AI safety regulation in industrial contexts on.
Legal: The legal aspect of the PESTLE analysis shows that BP has huge and, in most cases, unevaluated liabilities. The question of who bears responsibility in decisions made by AI in both the United States and the UK is not completely answered. Szadeczky and Bederna (2025) demonstrate that the current AI governance frameworks lack clarity in allocating responsibility in case of autonomous or semi-autonomous systems err in controlled industries. In the UK, common law negligence and the Health and Safety at Work Act 1974, which is not an autonomous system-designed, apply to liability. The AI Compliance Plan (2024) by the EPA in the US has created a duty of treatment on the agencies but not the regulated firms, which creates uncertainty regarding how the AI-generated environmental data will be treated. Also, BP operations in the EU are subject to the EU AI Act in terms of its territorial scope (Article 2(1)(a)), which expands the scope of compliance requirements to the UK-US context. According to Garvey (2024), this extraterritorial scope is one of the main problems of energy multinationals.
Environmental: The final rule on methane by EPA under 40 CFR Part 60, and a proposed US Congress bill to examine environmental effects of AI systems themselves (US Congress, 2024), indicates a twofold environmental responsibility: bp needs to ensure an accurate detection and reporting of environmental emissions by its AI systems, and, more and more, that the AI systems themselves can meet emerging sustainability requirements. According to the Kleinman Centre for Energy Policy (2024), remote sensing technologies facilitated by AI are becoming the core of next-generation environmental monitoring, with network-based satellite and aerial detection of methane being the technical standard according to which regulatory compliance will be assessed. This establishes an operational necessity on the part of BP: AI-assisted methane monitoring needs to be fielded at a technical level that satisfies the changing EPA standards, or the company will face not only regulatory fines but also negative publicity in the context of the finalised climate disclosure regulations of the SEC.
[bookmark: _Toc227967385]2.1.1 Porter’s Five Forces Analysis
The Five Forces framework by Porter will be used to offer an understanding of the competitive forces that have influenced BP's AI-driven business activities in the energy industry.
To begin with, there is a high level of competitive rivalry between the giant oil and gas companies in the market, like Shell and ExxonMobil, all investing in AI to enhance the efficiency of their operations, emissions tracking, and predictive maintenance. This competition encourages constant innovation yet puts more pressure on BP to be technologically and governance ahead.
Second, new entrants have a low threat because the capital requirement and regulatory barriers are high, and the upstream operations are complex. Nevertheless, niche AI technology companies and digital startups are also a partial threat with their specialised solutions (e.g., methane detection or AI analytics), which can disrupt the established value chains.
Third, the bargaining power of suppliers is medium and high, particularly for new AI technologies. Providers of AI platforms, cloud infrastructure, and explainability systems (e.g., XAI systems) have a strong influence, as bp uses their proprietary technologies and knowledge to comply and act in the area of operational efficiency.
Fourth, the power of buyers (regulators, investors and energy consumers) is growing. In the UK and US, regulators are expecting greater transparency and compliance, and investors are increasingly focusing on ESG performance, which puts pressure on bp to guarantee proper AI-driven reporting and governance.
Lastly, the threat of substitutes is also on the increase with the global trend towards renewable energy. The use of AI in the renewables sector raises the efficiency and appeal of the sector, which applies greater pressure on the conventional oil and gas operations in the form of substitution.
In general, the framework emphasises that BP needs to use the capabilities of strong AI governance and innovation to maintain its competitiveness in an environment of high pressure and continuous changes in the industry environment.
[bookmark: _Toc227967386]2.2 AI Risk Categories in bp Operations
Based on the macro-environmental analysis, four distinct AI risk groups are defined, which pose the greatest risk-adjusted priority to BP in its UK and US activities. The risk scoring methodology uses a 5x5 likelihood-impact matrix in line with the principles of ISO 31000.
[image: ]
Figure 1: AI Risk Heat Map – Likelihood vs. Impact Matrix for bp AI Risks (Self-Made)
	AI Risk Category
	Likelihood (1-5)
	Impact (1-5)
	Risk Score
	Mitigation Strategy (bp-Specific)

	Methane Under-Reporting via AI Sensor Bias
	4
	5
	20 (HIGH)
	Deploy multi-sensor fusion with XAI audit trail; cross-validate AI outputs against physical inspections quarterly.

	BOP False Negative in Predictive Maintenance
	3
	5
	15 (HIGH)
	Mandatory human-in-the-loop override for critical safety systems; BSEE-aligned BOP testing protocols applied to ML predictions

	Algorithmic Discrimination in Workforce Decisions
	3
	3
	9 (MED)
	Bias audits using third-party fairness tools; UK Equality Act 2010 compliance review; diverse training datasets.

	AI-Generated ESG Greenwashing / Data Fabrication
	4
	4
	16 (HIGH)
	Implement an AI-assisted ESG disclosure verification layer; align with GRI standards; and SEC Scope 3 disclosure readiness.

	Cybersecurity Vulnerability in AI-Connected OT Systems
	3
	4
	12 (MED)
	AI-integrated OT/IT network segmentation; zero-trust architecture; penetration testing every 6 months

	Regulatory Non-Compliance from Unexplainable AI Decisions
	3
	4
	12 (MED)
	Adopt NIST AI RMF 1.0 governance framework; deploy SHAP/LIME explainability for all safety-critical AI models.


Table 2: AI Risk Register for bp UK and US Operations (ISO 31000-aligned)
[bookmark: _Toc227967387]2.2.1 Predictive Maintenance and Safety System Failures
Machine learning applied to predictive maintenance is a high-value but high-risk AI application in the upstream oil and gas industry. The application of AI systems on historical sensor data is successfully used to predict failures of critical equipment, such as Blowout Preventers (BOPs) and risers, and subsea systems. Wang et al. (2025) show that this type of system can minimise unexpected downtime by as much as 35 per cent, but it also creates a serious false negative, whereby impending failures do not get identified, leading to false safe signals.
In the case of BP, false negative impacts of BOP systems are dire. The Deepwater Horizon tragedy can be viewed as an example of the disastrous impact of BOP failure, its overall expenses amounting to more than USD 65 billion. Although AI has become a better surveillance tool, Hussain et al. (2024a) claim that introducing machine learning in safety-related decision-making processes creates new, unforeseen failure modes. Hussain et al. (2024b) also note that machine learning models can be systematically biased when trained on datasets that are not sufficiently representative of extreme operating conditions, which is especially concerning in the context of the deepwater operations of BP in the Gulf of Mexico.
Aslam et al. (2025) point to a critical governance concern, namely the fact that the sector has been interested in the overall predictive accuracy and not the false negative rates. Even a model that is highly accurate in the aggregate can have an unacceptable risk of failure in a safety-critical situation. This questions current premises in the processes of BP deploying AI and highlights the importance of testing the systems in worst-case scenarios of failure. Liu et al. (2025) agree with this viewpoint by showing that hybrid models, which also include ensembling and confidence intervals, are better at improving reliability and offering the quantification of uncertainty necessary to be accepted by the regulator.
The regulatory compliance also complicates the adoption of AI. The BSEE requires fixed-interval BOP testing as provided under 30 CFR 250.730. The AI systems can suggest long periods between forecasted information, causing a conflict between regulatory and technical abilities. According to Solanke et al. (2024), this is a systemic regulatory lag, in which the current structures do not fit probabilistic AI outputs. As a result, BP will have to sustain legacy inspection regimes and AI systems, which will restrict the attainment of efficiency gains. Ragini and Bhansali (2023) note that the lack of sector-specific AI safety standards is also a large governance gap, so regulators will probably close this by using enforcement over time before they issue formal rules, which leads to the further strengthening of proactive governance.
[bookmark: _Toc227967388]2.2.2 Environmental Monitoring and Emissions Reporting Bias
The introduction of AI into environmental health, especially the detection of methane, is a fast-developing sector of both technology and regulatory attention. LiDAR, infrared spectroscopy, and satellite-based sensing are technologies that contribute greatly to the resolution of monitoring as opposed to manual monitoring. Kleinman Centre of Energy Policy (2024) lists such systems as the key to future environmental compliance, and the EPA Subpart OOOOb methane rule presupposes their implementation.
Along with these benefits, AI-based monitoring systems can be affected by systematic bias that might cause underestimation of emissions. Gabhane and Kanidarapu (2023) illustrate that the risk to the environment is underestimated by models that are trained on incomplete or unrepresentative data. Though their research aims at terrestrial infrastructure, the mechanisms of bias underlying are directly relevant to offshore infrastructure, where the differences in the environment are larger. Regulatively, these inaccuracies would be considered as non-compliance, and the possible civil consequences of the Clean Air Act under USD 70,117 per violation per day.
Morain et al. (2025) also demonstrate that the performance of AI applications reduces in settings other than training contexts. In the case of BP, the implication of this is that North Sea models cannot be directly applied in the Gulf of Mexico without site-specific validation. This is affirmed by Park (2025), who states that variability of the environment and data heterogeneity are the main issues, and systematic bias audits should be conducted at the time of deployment and once a year.
The threat of environmental misreporting through AI is increased by the possibility of manipulating ESG data. Alicia de Manuel et al. (2023) emphasise the fact that institutes with limited technical knowledge may accept biased AI results without due questioning. This threat goes further to the governance framework of BP, to the extent that Board and ESG committees might be dependent on data generated by AI that is not audited. This issue is supported by Grigorescu et al. (2022), who show that AI risks are largely underestimated by corporate boards because of the asymmetry of technical knowledge and suggest AI literacy programmes as a minimum governance requirement.
[bookmark: _Toc227967389]2.2.3 Algorithmic Discrimination and Workforce Decisions
The application of AI in decisions related to the workforce, such as recruitment, safety rating, performance evaluation, and shift scheduling, presents the possibility of discrimination, which is not only a legal liability but also a reputational risk to BP. Mehrabi et al. (2021) give a background survey of bias and fairness in machine learning and present eighteen different types of algorithmic bias that can occur within AI systems trained on historical data, such as representation bias, measurement bias, and aggregation bias. The three categories are all viable risks in the context of BP: historical data on the workforce could be systematically underrepresentative of some groups of people; historical data on safety incidents could result from historical patterns of reporting; and aggregate performance indicators could be concealing uneven effects on employees of various cultural or occupational backgrounds.
Regulatory and legal Wang et al. (2024) discuss algorithmic discrimination, discovering that the most developed jurisprudence on AI-based discrimination in the US exists through Title VII of the Civil Rights Act and EEOC guidance, with the Equality Act 2010 in the UK offering similar protections that are now being applied by employment tribunals to algorithmic decision-making. Bharati (2025) contends that the existing legal requirements in both jurisdictions do not go far enough to capture all forms of discrimination caused by AI and recommends responsible innovation as a baseline governance measure, as opposed to a responsive governance measure for enforcement. Talati (2025) also argues that the accidental nature of algorithmic bias does not lead to the mitigation of legal or ethical accountability: companies that implement AI systems without bias evaluation can not use the defence of not knowing about the expected discriminatory effects.
With BP in particular, the threat of algorithmic discrimination in safety scoring systems has another dimension. When an AI system, which has been trained on data about past safety incidents, systematically allocates risk scores to workers who are members of demographic groups based on a spurious correlation in the training data, the resulting decisions regarding deployment, assignment to shifts or even training needs may be unlawful discrimination despite the non-discriminatory intent of the system designers. As shown by Alshareef (2025) in the case of energy companies, the systems of AI-based ESG performance encoding can, unfortunately, reinvent the historical inequalities, rendering the metrics a reflection of the biases of historical reporting instead of the reality of today. The governance implication of BP is that AI systems employed in safety-critical workforce decisions should be under regular, independent bias audits and their results reported to the Board and remediation measures recorded.
[bookmark: _Toc227967390]2.2.4 AI-Driven ESG Disclosure and Greenwashing Risk
The AI/ESG disclosure is a new frontier of regulatory and reputational risk to large energy firms. The use of AI systems to aggregate, process and generate ESG performance data is getting more popular to be included in annual reports, regulatory filings and sustainability disclosures. The situation of this deployment poses a particular risk category, namely, the potential that the AI systems will produce ESG disclosures that are factually erroneous or selectively positive, or organised in a manner that hides material negative information, often described as greenwashing.
Hu et al. (2025) conducted an empirical study that the regulatory examination of the quality of ESG disclosures has a substantial negative impact, but fails to pull out greenwashing in companies under the pressure of enforcement. In the case of BP, this conclusion means that the scrutiny of the finalised climate disclosure rules by the SEC (March 2024) and the TCFD requirements in the UK will decrease but not eliminate the incentive to use AI in a manner that best maximises the presentation of ESG data instead of its accuracy. Lee et al. (2025) suggest a responsible AI assessment framework, which combines ESG and AI governance, contending that companies should view ESG AI systems as a unique risk category that needs custom governance controls, not general AI governance policies in a field with particular disclosure requirements.
Saxena et al. (2022) discuss how Industry 4.0 technologies (AI) facilitate the measurement of Environmental, Social, and Governance, and find that even though these technologies have the potential to transform the quality of ESG data, the lack of standardised AI governance frameworks to govern ESG applications presents a regulatory arbitrage space, which threatens the integrity of the disclosure ecosystem. Cai and Ni (2025) also recognise the quality of ESG disclosure as directly financially market implications that motivate not only actual improvement but also strategic manipulation on the part of bp, where the quality of AI-generated ESG data is a material financial risk that must be overseen by the Board. The article by Humphreys et al. (2024) presents the concept of AI hype as a cybersecurity and ethical risk, stating that companies that are enthusiastic about AI-driven ESG narratives might roll out systems with exaggerated capabilities, which can result in liability exposure in the case of poor performance compared to what was announced a risk that is especially acute in the context of bp due to its high-profile net-zero pledges. 
[bookmark: _Toc227967391]2.3 Strategic Framework Integration: Porter's Diamond and OLI Analysis
The PESTLE analysis highlights the regulatory and macro-environmental forces shaping bp’s AI governance context. To expand on this, the Diamond Model of Porter (Porter, 1990) and the OLI framework (Dunning, 2001) is used to illustrate the competitive positioning of bp and to draw other strategic implications that go beyond compliance.
Porters Diamond: UK Leadership in AI Governance:
According to Porters Diamond Model, there are four determinants of national competitive advantage; factor conditions, demand conditions, related and supporting industries, and firm strategy (Porter, 1990). The UK offers structurally favorable conditions to build AI governance capabilities when applied to bp.
The UK boasts good AI research facilities, such as the Alan Turing Institute, Imperial College London, and Heriot-Watt University, which have expertise in AI safety, explainable AI (XAI), and energy systems. The goal-based regulatory system adopted by the UK and especially the ALARP system adopted by HSE allows experimentation and adjustments of governance practices, compared to the more strict system adopted by the US BSEE.
The UK has demand conditions that promote high-quality and progressive AI governance, innovation-driven by the North Sea Transition Authority (NSTA) and HSE. Conversely, US regulatory demand has a propensity to elicit minimum compliance. Moreover, the developed AI services ecosystem of the UK offers access to specialised companies, which can save money and speed up the creation of governance, which is not the case in the US market. These aspects imply that bp ought to focus AI governance innovation in the UK and replicate the frameworks to the operations in the US.
OLI Framework: Rationale for Internalisation
The reason why BP should internalise AI governance can be explained using the Dunning OLI framework (Dunning, 2001). Within the context of Ownership, the proprietary datasets of BP in the North Sea and the Gulf of Mexico are a competitive asset of utmost importance, and thus, outsourcing is a risky decision to make since data may be exposed. Location Bp has a dual-jurisdictional operation that needs a more customised governance structure that can be better managed by internal teams. Internalisation: With AI audit, XAI development, and compliance processes, keeping them within an organisation would allow scalable and efficient governance across deployments. Together, the OLI framework helps in the creation of an internal AI Centre of Excellence as a means of long-term competitive advantage.
[bookmark: _Toc227967392]3.0 Implementation Plan
[bookmark: _Toc227967393]3.1 Guiding Principles
The implementation plan in this report is based on four guiding principles based on the analysis of risk and regulatory environment, as discussed in Section 2. To begin with, proportionality: all governance investments should be proportioned to the risk-adjusted likelihood and impact of known AI failures, and not rolled out equally across all AI uses, despite their risk profile. Second, dual-jurisdiction alignment: all governance mechanisms should be structured in a way that they meet the needs of both the UK (HSE, GDPR, NSTA) and US (BSEE, EPA, SEC) regulatory frameworks, not in a serial fashion. Third, explainability by design: explain all systems that involve safety and compliance-critical AI have XAI features built into them at design and deployment, and not added as a compliance feature post-factum. Fourth, responsible governance: the AI risk management needs to be accounted to specific individuals at a senior level and with explicit reporting to the BP Board and integrated within the corporate performance frameworks.
These principles echo the risk governance structure of the NIST (2023) in the AI Risk Management Framework (AI RMF 1.0), which defines the four major functions of responsible AI deployment as govern, map, measure, and manage. The US EPA specifically mentions the NIST framework in its AI Compliance Plan (2024) and is becoming the new technical standard by which regulatory agencies in the US will evaluate the maturity of AI governance in regulated sectors.
Min et al. (2026) developed a Cross-Assessment and Verification (CAVe) model of AI risk and compliance evaluation, and the Cross-Compliance Index (CCI) is a quantitative risk assessment of regulatory alignment in various jurisdictions. The application of a CCI-type tool to BP's AI governance framework would provide the company with a structured, auditable mechanism for demonstrating dual-jurisdiction compliance, and would generate the documentary evidence base required in the event of an enforcement inquiry from either the HSE, BSEE, or EPA. Grigorescu et al. (2022) further argue that governance frameworks for AI in capital-intensive industries must be institutionalised at the Board level to be effective, a finding that directly validates the proposal to establish BP’s AI Governance Board as a Board-reporting function rather than a management-level committee.
[bookmark: _Toc227967394]3.2 Phased Action Plan with Costings
The implementation plan is structured across three time horizons: short-term (0 to 6 months), medium-term (6 to 18 months), and long-term (18 to 36 months). The plan integrates a Regulatory-Aware AI Governance Layer, a software middleware architecture that ingests regulatory rule sets (for example, 30 CFR §250 and EPA Subpart OOOOb specifications, accessed via structured XML parsing) and applies compliance constraints to AI model outputs before they reach operational systems   at the medium-term phase. All cost estimates are in GBP, using a GBP/USD exchange rate of 1.25 (March 2026 average). ISO/IEC 42001 certification requires annual surveillance audits with full recertification every 36 months.
	Timeframe
	Action
	Estimated Cost
	Responsible Role
	Success Metric
	Regulatory Alignment

	SHORT-TERM (0–6 months)
	Establish the BP AI Governance Board with CRO, Legal, and ESG leads
	~GBP 0.5m setup cost (internal redeployment)
	Group CRO & bp AI Governance Director
	Board operational within 3 months; first AI risk register reviewed
	NIST AI RMF 1.0; UK AI Pro-Innovation White Paper

	
	Deploy XAI audit tool (SHAP/LIME) across all safety-critical AI models in GoM and North Sea assets
	~GBP 2.0m (Dataiku/IBM Watson XAI licensing)
	VP Digital & AI Engineering
	100% of safety-critical models pass XAI audit by month 6
	HSE AI guidance; BSEE 30 CFR §250

	
	Commission an independent AI bias audit for HR and environmental monitoring systems
	~GBP 0.8m (third-party specialist firm)
	bp Chief People Officer & ESG Director
	Zero high-risk bias findings post-audit; report published to the board
	UK Equality Act 2010; EPA Non-Discrimination Policy

	MEDIUM-TERM (6–18 months)
	Implement methane AI monitoring network across all upstream UK/US sites using multi-sensor fusion (LiDAR + spectrometry)
	~GBP 18m (Bridger Photonics or equivalent)
	VP Health, Safety & Environment
	90% reduction in undetected methane leaks; EPA Quad-Ob compliance certified
	EPA 40 CFR Part 60 Quad-Ob; NSTA North Sea methane targets

	
	Develop 'Regulatory-Aware AI Governance Layer' architecture integrating dual UK/US rule sets into AI decision trees
	~GBP 12m (software development + integration)
	bp Group AI Governance & Digital Engineering
	Governance layer deployed on 80% of operational AI systems; BSEE certification for BOP ML models
	BSEE BOP rules; HSE ALARP duty; UK GDPR

	
	Roll out an AI literacy training programme for 5,000+ operational, safety, and compliance staff
	~GBP 3.5m (blended learning platform + facilitation)
	BP Chief Learning Officer
	95% completion rate; pre/post competency score improvement >30%
	UK Health and Safety at Work Act 1974; OSHA AI risk training guidance

	LONG-TERM (18–36 months)
	Establish AI Centre of Excellence (CoE) at bp's Sunbury campus, integrating UK university partnerships (Imperial College, Heriot-Watt)
	~GBP 25m (capital + 5-year staffing)
	BP Chief Digital and Innovation Officer
	10 peer-reviewed AI safety publications; 3 novel patents filed; CoE operational by Q4 2027
	UK AI Sector Deal; ARIA funding eligibility; NIST AI RMF research pillar

	
	Achieve ISO/IEC 42001 (AI Management System) certification across all AI-enabled upstream and downstream operations
	~GBP 6m (certification + system uplift)
	bp Group AI Governance Board
	Full ISO 42001 certification by 2028; annual third-party surveillance audit passed
	ISO/IEC 42001; EU AI Act (supply chain alignment); UK pro-innovation framework

	TOTAL ESTIMATED INVESTMENT
	~GBP 67.8m across 36 months (<0.6% of bp's 2023 EBITDA of ~USD 27.7bn; substantially less than a potential USD 1bn+ regulatory penalty under BSEE or EPA enforcement action)


Table 3: Bp AI Governance Implementation Plan – Phased Actions, Costs, and Regulatory Alignment
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Figure 2: Proposed Regulatory-Aware AI Governance Layer Architecture for bp (Self-Made)
Short-term (0-6 months): An AI Governance Board, using the current Chief Risk Officer, Legal and ESG leadership of bp, will need minimum capital input and can be implemented in three months. The most urgent compliance gap in regulations, reflected by the fact that the existing AI systems are not capable of generating the decision-trail documentation mandated by the HSE and BSEE, is bridged by deploying XAI audit tools to safety-critical AI systems, estimated to cost about GBP 2.0 million to enterprise license platforms like Dataiku or IBM Watson OpenScale. This sequencing is confirmed by Drozdz and Redzeb (2026), who state that governance infrastructure set up before, but not at the same time as large-scale AI implementations, provides much-improved compliance results in energy enterprises.
Medium-term phase (618 months): This is the greatest capital investment, which is mainly motivated by the methane AI monitoring network, which is estimated at GBP 18 million. Fusion of LiDAR with infrared spectrometry as a multi-sensor will provide a better detection accuracy compared to single-sensors (Azmi et al., 2024). To keep the operating licences of BP, it is necessary to align its operations with the EPA Subpart OOOOb and NSTA methane targets. The Regulatory-Aware AI Governance Layer is estimated at GBP 12 million, and has to be closely monitored by the Group AI Governance of bp. Such architectures are a new frontier in compliance systems, which identifies this investment as anticipatory (Alvarez et al., 2025). Jorgensen and Ma (2025b) also demonstrate that companies that install compliance during the design of AI recoup costs faster than those that redesign controls.
The AI literacy training programme (GBP 3.5 million) will fill a gap in critical governance: the lack of technical knowledge among employees who have to come into contact with AI outputs. Franki et al. (2023) discovered that governance failures are frequently due to human misunderstanding as opposed to system malfunction. Direct risk mitigation measures are, therefore, training 5,000 employees to interpret AI-generated outputs.
Long-term phase (1836 months): The suggested AI Centre of Excellence (CoE) at the Sunbury campus of bp is a joint venture with Imperial College London and Heriot-Watt University, a strategic investment according to Porter's diamond and OLI. Zinoviev et al. (2026) lay stress on the importance of academic-industry partnership in the creation of AI systems that are acceptable to the regulator. The ISO/IEC 42001 certification (GBP 6 million) represents an internationally accepted measure of governance maturity, which is important to regulators, investors and insurers. Jorgensen et al. (2025) affirm that the certification systems minimise regulatory ambiguity for companies that conduct business across jurisdictions.
This is a good financial feasibility of 0.31 per cent of BP 2023 EBITDA (USD 27.7 billion) with the total estimated investment of GBP 67.8 million (approximately USD 84.8 million at GBP/USD 1.25) over 36 months. According to a sensitivity analysis, EPA penalties would need to be adjusted by 50 per cent to shorten the payback period of implementation to about 14 months. Lee and Wang (2025) show that the lower the long-term compliance cost incurred by firms with a stronger internal AI governance. The strategic value of such an investment is further justified by Saveljeva et al. (2026), who emphasise the need to incorporate cybersecurity into AI governance to ensure operational legitimacy in environmentally sensitive areas.
[bookmark: _Toc227967395]4.0 Conclusion
This report will consider the strategic, regulatory and operational aspects of the deployment of AI in the upstream operations of BP in the United Kingdom and the United States, with particular emphasis on operational risk management and environmental compliance. The PESTLE analysis shows that the regulatory environment of AI in the energy sector is both dispersive and changing fast, and that the core philosophical difference between the UK goal-based, pro-innovation philosophy and the prescriptive, enforcement-based, United States one is evident. The Diamond Model by Porter indicates that the UK gives BP an edge in the development of AI governance innovation, and the OLI model promotes the internalisation of the capability instead of it being outsourced.
There are four categories of AI risks, namely, predictive maintenance failure, environmental monitoring bias, algorithmic discrimination, and ESG greenwashing. These are all material and mostly avoidable exposures to risk, and three out of six of the identified risks belong to the high-priority category and need to be addressed by the Board urgently.
The main suggestion provided in the report is that BP must consider AI governance as a strategic risk management tool, as opposed to a compliance requirement. Three future-looking scenarios are suggested to inform Board-level planning that goes beyond the 36-month implementation horizon. In Scenario A (2027), with the introduction of an inclusive UK AI Act that incorporates executive criminal liability, greater governance mechanisms such as director-level responsibility and prompt submission of XAI audit products would be necessary. In Scenario B (2027), a federal AI Act in the US will create a standardised liability regime, making the dual-jurisdiction governance of bp an industry standard. In Scenario C (2027), more rigorous enforcement in the absence of new laws would put a greater value on effective audit trails and ISO/IEC 42001 certification as indicators of active governance.
The disadvantages are the fast-changing regulatory landscape and the use of industry standards to estimate costs. The report suggests that the suggested framework should be Board-endorsed, with executive oversight at the Chief Risk Officer level, and that a full AI risk assessment be completed in less than 90 days.
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