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Abstract : Artificial intelligence (AI) offers 
opportunities to improve engineering sustainability 
through predictive control, resource optimization, 
renewable-energy integration and environmental 
monitoring. However, improvements in operational 
efficiency must be evaluated alongside the 
environmental burden of developing and operating 
intelligent systems. This paper presents a focused 
literature review integrating engineering 
applications, energy-performance measurement and 
environmental assessment. Thirteen verified 
publications and institutional sources were 
examined through structured thematic synthesis and 
descriptive analysis of selected published findings. 
The evidence includes an operator-reported 
reduction of up to 40% in data-centre cooling energy 
and an expert assessment identifying potential 
positive AI contributions to 134 of 169 Sustainable 
Development Goal targets. These findings represent 
different evidence types and cannot be combined 
into a single effectiveness estimate. The review 
develops an assessment framework connecting 
sensing, prediction, constrained optimization, 
operational verification and lifecycle accounting. 
Results indicate that AI can support sustainable 
engineering when environmental objectives are 

explicit, baselines are credible and computational 
burdens are included. Prediction accuracy alone 
does not establish energy savings, while reduced 
electricity consumption does not automatically 
demonstrate lower overall environmental impact. 
The paper concludes that sustainable AI deployment 
requires measurable net benefits, reliable operation 
and transparent reporting. 

Keywords: artificial intelligence; sustainable 
engineering; energy efficiency; environmental 
performance; intelligent control; lifecycle 
assessment; green computing. 

Introduction 

Engineering sustainability requires systems that provide 
useful services while limiting energy consumption, 
resource depletion and environmental damage. 
Buildings, industrial equipment and electricity 
networks operate under changing conditions, making 
efficient management difficult. Artificial intelligence 
can assist by identifying patterns in operational data, 
forecasting demand and recommending adjustments. 

http://www.sjaibt.org/
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The relevance of machine learning extends across 
electricity generation, energy storage, buildings,  

transport and materials development. Rolnick et al. 
(2022) identify numerous opportunities for applying 
machine learning to climate-related problems, while 
emphasizing that useful applications require 
collaboration between technical researchers and domain 
specialists. AI therefore contributes through specific 
engineering decisions rather than through 
computational sophistication alone. ACM Computing 
Surveys 

An intelligent controller may reduce unnecessary 
cooling, but its own sensors, computing infrastructure 
and model updates also consume resources. 
Consequently, the environmental assessment of AI must 
include both the physical system being improved and 
the digital system enabling that improvement. 

This paper examines how these dimensions can be 
integrated into a coherent engineering framework. Its 
contribution is an evidence-based assessment structure 
linking intelligent operation with verifiable 
environmental outcomes. 

Research Problem 

AI studies frequently report predictive accuracy, 
optimization performance or financial savings without 
establishing the corresponding environmental benefit. A 
forecasting model may perform well on historical data 
yet fail to improve equipment operation. Similarly, 
lower electricity expenditure may result from tariff 
changes rather than reduced consumption. 

A further problem concerns assessment boundaries. 
Operational improvements can appear environmentally 
beneficial when computing electricity, hardware 
production, maintenance and increased service demand 
are excluded. 

The research problem is therefore how to evaluate AI-
enabled engineering systems using consistent technical, 
energy and environmental criteria. 

Research Objectives 

The study seeks to: 

• Examine established applications of AI in 
sustainable engineering. 

• Evaluate selected quantitative findings 
using their original assessment boundaries. 

• Identify the relationship between predictive 
performance and operational benefits. 

• Develop an integrated framework for 
measuring net environmental 
improvement. 

• Identify limitations affecting 
implementation and future empirical 
research. 

Literature Review 

 

Artificial Intelligence and Sustainability 

Vinuesa et al. (2020) assessed AI’s relationship with the 
Sustainable Development Goals through consensus-
based expert elicitation. Their findings demonstrate that 
potential benefits coexist with possible adverse effects. 
This broad assessment provides a sustainability context, 
although it does not measure the operational 
effectiveness of individual engineering installations. 
Nature Communications 

Van Wynsberghe (2021) distinguishes between applying 
AI to sustainability problems and improving the 
sustainability of AI itself. This distinction supports an 
assessment that considers the complete development 
and deployment lifecycle rather than evaluating 
applications solely through their intended purpose. 
Springer Nature Link 

Intelligent Energy Systems 

Donti and Kolter (2021) review machine learning 
applications across sustainable energy production, 
delivery and storage. Their analysis supports using 
learning methods within energy-system decision 

http://www.sjaibt.org/
https://doi.org/10.1145/3485128?utm_source=chatgpt.com
https://doi.org/10.1145/3485128?utm_source=chatgpt.com
https://www.nature.com/articles/s41467-019-14108-y?utm_source=chatgpt.com
https://link.springer.com/article/10.1007/s43681-021-00043-6?utm_source=chatgpt.com
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processes while recognizing deployment limitations. 
For engineering evaluation, the relevant question is 
whether predictions improve dispatch, storage 
operation or service reliability under actual operating 
constraints. Annual Reviews 

Yao et al. (2023) extend this discussion to energy 
materials and technological development. Machine 
learning can assist candidate screening and the 
interpretation of complex datasets, connecting 
sustainability research with material selection and 
energy-device development. These applications require 
subsequent physical validation. Nature Reviews 
Materials 

Building Energy Prediction and Control 

Amasyali and El-Gohary (2018) review data-driven 
building-energy prediction studies, examining data 
characteristics, preprocessing, algorithms and 
evaluation measures. Their work establishes that model 
performance must be interpreted alongside the 
conditions under which data were collected. 
ScienceDirect 

Wei et al. (2017) investigate deep reinforcement 
learning for heating, ventilation and air-conditioning 
control. This represents a progression from forecasting 
energy demand to selecting operational actions. 
However, practical evaluation must retain temperature, 
equipment and service constraints when comparing 
controllers. IEEE Xplore 

Operational Efficiency Evidence 

Evans and Gao (2016), reporting for DeepMind, 
describe neural-network-assisted optimization of 
Google data-centre cooling. Their report provides 
operational evidence of energy improvement, but its 
results concern a particular application and operator. It 
should therefore inform assessment design rather than 
serve as a universal savings assumption. Google 
DeepMind 

Masanet et al. (2020) examine global data-centre energy 
use and emphasize the importance of efficiency trends 
when interpreting growing demand for digital services. 
Their work concerns the wider computing sector; it does 
not isolate electricity attributable to AI. Systems & 
Energy Technologies Analysis 

Environmental Costs of Computation 

Strubell et al. (2019) estimate the energy and emissions 
associated with selected natural-language-processing 
development workloads. Their analysis shows why 
model experimentation and tuning must be considered 
when assessing computational impacts. Historical 
estimates remain dependent on hardware, electricity 
supply and workload assumptions. aclanthology.org 

Schwartz et al. (2020) propose treating computational 
efficiency as an evaluation criterion alongside 
predictive performance. This supports selecting models 
that achieve adequate engineering performance without 
unnecessary computation. arxiv.org 

Lannelongue et al. (2021a) introduce the Green 
Algorithms approach for estimating computational 
carbon footprints. Their companion guidance 
recommends practical measures for reducing computing 
impacts, including thoughtful resource use and efficient 
computational practice. PMC 

Finally, Kaack et al. (2022) distinguish computing-
related emissions, immediate application effects and 
wider system effects. This framework explains why 
reduced energy intensity can coexist with increasing 
absolute environmental pressure when demand 
expands. DEE Program 

Research Gap 

The reviewed literature addresses engineering 
applications, computational efficiency and 
environmental accounting, but these dimensions are 
often evaluated separately. An integrated assessment 
needs to connect model selection, operational control 
and environmental verification. 

The gap addressed here is methodological: determining 
what evidence is necessary before an AI-enabled 
engineering system can reasonably be described as 
environmentally beneficial. 

Materials and Methods 

Research Design 

The paper uses a focused narrative review with 
structured evidence extraction. It does not report a 
newly conducted engineering experiment or survey. The 
analytical material consists of thirteen verified sources 
covering energy applications, sustainability frameworks 
and computational environmental impacts. 

http://www.sjaibt.org/
https://doi.org/10.1146/annurev-environ-020220-061831?utm_source=chatgpt.com
https://www.nature.com/articles/s41578-022-00490-5?utm_source=chatgpt.com
https://www.nature.com/articles/s41578-022-00490-5?utm_source=chatgpt.com
https://www.sciencedirect.com/science/article/pii/S1364032117306093?utm_source=chatgpt.com
https://ieeexplore.ieee.org/document/8060306/?utm_source=chatgpt.com
https://deepmind.google/discover/blog/deepmind-ai-reduces-google-data-centre-cooling-bill-by-40/?utm_source=chatgpt.com
https://deepmind.google/discover/blog/deepmind-ai-reduces-google-data-centre-cooling-bill-by-40/?utm_source=chatgpt.com
https://seta.lbl.gov/publications/recalibrating-global-data-center?utm_source=chatgpt.com
https://seta.lbl.gov/publications/recalibrating-global-data-center?utm_source=chatgpt.com
https://aclanthology.org/P19-1355.pdf?utm_source=chatgpt.com
https://arxiv.org/abs/1907.10597?utm_source=chatgpt.com
https://pmc.ncbi.nlm.nih.gov/articles/PMC8224424/?utm_source=chatgpt.com
https://www.deeprogram.org/publications/aligning-artificial-intelligence-with-climate-change-mitigation?utm_source=chatgpt.com
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The review is selective rather than an exhaustive 
systematic review. Accordingly, no comprehensive 
database screening count or population-wide estimate of 
AI effectiveness is claimed. 

Source Selection and Verification 

Targeted searches combined terms including “artificial 
intelligence,” “sustainable engineering,” “energy 
efficiency,” “building control,” “sustainable energy 
systems” and “computational carbon footprint.” 

Sources were selected for direct relevance, identifiable 
authorship and verifiable publication records. Journal 
articles and conference papers formed the academic 
foundation. One operator-authored institutional report 
was retained because it described a deployed 
engineering application. 

Bibliographic details were checked against publisher 
pages, scholarly repositories or institutional publication 
records. Duplicate versions were treated as the same 
publication. 

Evidence Extraction 

Extracted information included application domain, 
intelligent-system function, environmental indicator, 
assessment boundary and methodological limitations. 

Table 1. Evidence-extraction framework 

Dimension Information 
extracted 

Analytical 
purpose 

Application Buildings, energy 
systems, 
computing or 
materials 

Establish 
engineering 
context 

AI function Prediction, 
control, screening 
or optimization 

Identify the 
decision 
supported 

Outcome Energy, emissions, 
sustainability 
targets or 
efficiency 

Preserve the 
original 
measurement 

Boundary Equipment, 
facility, 

Prevent 
inappropriate 
comparisons 

computation or 
wider system 

Evidence 
type 

Review, expert 
assessment, 
technical study or 
operator report 

Interpret 
confidence and 
transferability 

Limitation Missing baseline, 
uncertainty or 
incomplete 
lifecycle coverage 

Qualify 
conclusions 

Quantitative Analysis 

Published values were summarized descriptively. 
Counts expressed against a common denominator were 
converted into percentages. A published emissions 
estimate was also converted from pounds to metric 
tonnes. 

 

No pooled treatment effect was calculated because the 
sources assess different systems and outcomes. 
Standard deviations, confidence intervals and 
significance tests were not generated where underlying 
observations were unavailable. 

For future operational evaluation, energy improvement 
should be calculated as: 

\[	𝑆_𝐸 =\𝑓𝑟𝑎𝑐{𝐸_{\𝑚𝑎𝑡ℎ𝑟𝑚{𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒, 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑}}
− 𝐸_{\𝑚𝑎𝑡ℎ𝑟𝑚{𝐴𝐼}}}	{𝐸_{
\𝑚𝑎𝑡ℎ𝑟𝑚{𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒, 𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑}}}
\𝑡𝑖𝑚𝑒𝑠100	\] 

Here, the adjusted baseline represents expected energy 
consumption under comparable weather, workload and 
service conditions. 

http://www.sjaibt.org/
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Net avoided emissions should be assessed as: 

\[	𝐵_𝐶 = 𝐶_{\𝑚𝑎𝑡ℎ𝑟𝑚{𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒}}
−	\𝑙𝑒𝑓𝑡(𝐶_{\𝑚𝑎𝑡ℎ𝑟𝑚{𝑝ℎ𝑦𝑠𝑖𝑐𝑎𝑙, 𝐴𝐼}}
+ 𝐶_{
\𝑚𝑎𝑡ℎ𝑟𝑚{𝑑𝑖𝑔𝑖𝑡𝑎𝑙, 𝑖𝑛𝑐𝑟𝑒𝑚𝑒𝑛𝑡𝑎𝑙}} 	
+ 𝐶_{
\𝑚𝑎𝑡ℎ𝑟𝑚{𝑒𝑚𝑏𝑜𝑑𝑖𝑒𝑑, 𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒𝑑}}
\𝑟𝑖𝑔ℎ𝑡)	\] 

All terms must use the same service boundary and 
assessment period, with shared components counted 
consistently. 

Results 

Quantitative Evidence 

The extracted values show both operational 
opportunities and assessment limitations. 

Table 2. Verified published numerical findings 

Source Indicator Publishe
d value 

Interpretatio
n 

Vinues
a et al. 
(2020) 

SDG targets 
potentially 
enabled by 
AI 

134 of 
169 

Expert-
assessed 
potential 

Vinues
a et al. 
(2020) 

SDG targets 
potentially 
inhibited by 
AI 

59 of 169 Possible 
adverse 
relationships 

Evans 
and 
Gao 
(2016) 

Cooling-
energy 
reduction 

Up to 
40% 

Operator-
reported 
application 
result 

Evans 
and 
Gao 
(2016) 

Reduction 
in overall 
PUE 
overhead 

15% Different 
denominator 
from cooling 
energy 

Strubel
l et al. 
(2019) 

Estimated 
emissions 
for 
Transformer 
developmen
t with neural 

626,155 
lb CO₂e 

Specific 
historical 
workload 
estimate 

architecture 
search 

Sources for Table 2: Vinuesa et al., Evans and Gao, and 
Strubell et al. Nature Communications 

The SDG categories are not mutually exclusive. Their 
percentages therefore should not be added or interpreted 
as a distribution of successful and unsuccessful 
deployments. 

Table 3. Descriptive calculations from published 
values 

Calculation Result Meaning 

\(134/169\times100\) 79.29
% 

Share of 
targets 
potentiall
y enabled 

\(59/169\times100\) 34.91
% 

Share of 
targets 
potentiall
y 
inhibited 

\(626,155\times0.45359237/1,
000\) 

284.0
2 
tonnes 
CO₂e 

Unit 
conversi
on of the 
historical 
estimate 

These calculations introduce no new experimental 
observations. The emissions conversion does not 
establish a representative footprint for present-day AI 
systems. 

Engineering Interpretation 

The cooling case demonstrates that intelligent 
recommendations can influence a physical energy-
consuming process. However, cooling-energy reduction 
and PUE-overhead reduction describe different 
quantities. Neither directly establishes an equivalent 
percentage reduction in total facility electricity. 

The evidence also shows why broad sustainability 
assessments and engineering measurements require 
separate interpretation. SDG target counts identify 
potential relationships, whereas energy measurements 
concern operational outcomes. 

http://www.sjaibt.org/
https://www.nature.com/articles/s41467-019-14108-y?utm_source=chatgpt.com
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A central synthesis finding is that sustainability claims 
require a complete chain of evidence: reliable data, 
useful predictions, effective actions and measured 
environmental consequences. 

Integrated Assessment Framework 

The review supports the following proposed 
engineering framework. 

 

Table 4. Framework for evaluating AI-enabled 
sustainable engineering 

Stage Engineering 
activity 

Required 
evidence 

Define 
service 

Specify output, 
comfort, reliability 
or production 
requirements 

Comparable 
service 
conditions 

Establish 
baseline 

Measure existing 
operation and 
relevant 
influencing factors 

Adjusted 
baseline 
performance 

Develop 
model 

Compare simple 
and advanced 
alternatives 

Accuracy, 
robustness and 
computing 
demand 

Validate 
actions 

Test 
recommendations 
within operating 
constraints 

Safe and 
effective 
control 
behaviour 

Verify 
operation 

Measure energy 
and service 
outcomes 

Sustained 
improvement 
over baseline 

Assess 
environment 

Include digital 
operation and 
allocated hardware 
impacts 

Positive net 
environmental 
benefit 

Monitor 
deployment 

Track drift, faults 
and changes in 
demand 

Continued 
performance 
and 
accountability 

This framework is a synthesis developed in the paper, 
rather than a tested deployment result. 

Discussion 

Prediction Accuracy and Energy Savings 

Accurate prediction is useful when it changes an 
engineering decision. A demand forecast may support 
equipment scheduling, but its value depends on 
available actuators, operating constraints and the quality 
of the existing control strategy. 

Future evaluations should therefore compare an AI 
controller with a credible conventional alternative. 
Comparing advanced AI with poorly maintained 
equipment can overstate the contribution of 
intelligence. Maintenance, sensor calibration and basic 
control improvements should be accounted for before 
attributing savings. 

Model evaluation must also prevent information 
leakage. Time-dependent engineering data should be 
separated chronologically, and operating conditions 
used for testing should reflect realistic deployment 
challenges. 

Energy Efficiency and Environmental Performance 

Energy and environmental performance should be 
reported separately. Electricity reduction depends on 
equipment operation, while emissions depend 
additionally on electricity supply. Water demand, 
material use and waste may change independently. 

A system that reduces electricity through more intensive 
water-based cooling could introduce an environmental 

http://www.sjaibt.org/
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trade-off. Consequently, a strong assessment should 
retain multiple indicators instead of hiding them within 
an unexplained composite score. 

Assessment boundaries also matter. The incremental 
environmental burden of an AI application should 
reflect resources attributable to that application. 
Allocating an entire shared computing facility to one 
model would distort the comparison, while ignoring its 
computing allocation would understate impacts. 

Statistical Evaluation in Future Field Studies 

A suitable empirical study would collect baseline and 
intervention measurements across representative 
operating conditions. Weather, occupancy, production 
output and equipment status should be recorded 
alongside energy. 

Where feasible, a matched control installation or 
crossover design would strengthen attribution. 
Otherwise, a validated baseline model could estimate 
expected consumption during the intervention. 

Energy time series commonly contain dependence 
between neighbouring observations. Statistical analysis 
should therefore address autocorrelation rather than 
treating every sensor interval as independent. Results 
should report effect sizes and uncertainty, together with 
any service degradation. 

The available review evidence does not provide a 
common observation-level dataset, so new significance 
tests would be methodologically unjustified. 

Model Complexity and Computational Burden 

An engineering model should be selected according to 
the task, operating environment and expected benefit. 
Additional complexity is worthwhile only when it 
produces meaningful improvements in decisions, 
robustness or efficiency. 

Model comparison should include training energy, 
inference demand, retraining frequency and hardware 
requirements. A compact model with slightly weaker 
predictive accuracy may provide better overall 
environmental performance when deployed frequently. 

Computational accounting should also include 
unsuccessful experiments. Reporting only the final 
training run can omit substantial development costs. 

Reliability and Human Oversight 

Intelligent control requires provisions for sensor faults, 
unfamiliar conditions and model drift. Operators need 
understandable alerts, documented limits and a reliable 
fallback controller. 

For safety-critical equipment, initial deployment should 
begin with offline evaluation or advisory operation 
before autonomous control. Expansion should depend 
on verified performance under changing conditions. 

These requirements connect sustainability with 
reliability: an efficient controller that increases failures, 
rejects or downtime may create additional resource 
consumption. 

Practical Implications 

Engineering organizations should begin with an 
operational problem that has measurable environmental 
consequences. Suitable priorities include unnecessary 
equipment operation, inefficient cooling and avoidable 
process variability. 

Each project should specify its service requirement, 
baseline, evaluation period and environmental 
boundary before model development. Metering and data 
quality deserve the same attention as algorithm 
selection. 

Procurement and deployment decisions should consider 
maintenance capability, integration costs and computing 
demand. Environmental claims should state the 
denominator, operating conditions and evidence source, 
allowing improvements to be independently assessed. 

 

Limitations 

http://www.sjaibt.org/
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The review includes a selective set of thirteen sources 
and does not estimate the average effect of AI across 
engineering sectors. Publication bias may favour 
successful applications. 

The numerical evidence combines expert assessments, 
an operator report and a historical computational 
estimate. These sources do not support pooled statistical 
inference. 

Several publications establish important concepts but do 
not describe present-day operating conditions. Their 
quantitative findings should therefore remain tied to 
their original dates and contexts. 

The proposed framework requires field validation 
before its effectiveness can be established. 

Conclusion 

Artificial intelligence can support sustainable 
engineering through improved prediction, constrained 
control and resource management. Verified literature 
demonstrates meaningful opportunities, while also 
identifying environmental costs and limitations. 

The decisive criterion is measurable net improvement 
within a clearly defined service boundary. Predictive 
accuracy, operational energy savings and lifecycle 
environmental performance represent related but 
distinct outcomes. 

Engineering evaluations should combine credible 
baselines, comparable service conditions, 
computational accounting and continued monitoring. 
This approach provides a defensible basis for 
integrating intelligent systems with energy efficiency 
and environmental performance. 

Data Availability 

All numerical values are attributed to published sources. 
The descriptive calculations are reproducible from the 
equations and values reported above. No original 
experimental dataset was generated. 
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