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Abstract 
The growing problem of industrial air pollution is one of the most acute 
environmental and social health problems of developing countries, and Pakistan is 
one of the most suffering countries in the world. This is an extensive review of the 
transformative capacity of the Artificial Intelligence (AI) in enhancing 
environmental law enforcement and counteracting dangerous gas emissions caused 
by industrial sources with specific reference to the specific socio-economic and 
regulatory environment in Pakistan. The review summarizes the current 
developments in the field of machine learning, deep learning, Internet of Things 
(IoT), and satellite-based monitoring technologies that have shown impressive 
efficiency in air quality prediction, identification of emission sources, and 
monitoring regulatory compliance. Through the global case analysis and unique 
challenges of Pakistan, the current article gives the framework to incorporate AI 
technologies in the environmental governance structure of the country. The results 
suggest that AI-powered monitoring tools can have an over 95 percent prediction 
accuracy of air quality indices, provide real-time compliance monitoring, and draw 
down monitoring expenses by up to 80 percent with the traditional approaches. 
The paper concludes with policy recommendations and a roadmap to implement 
this policy in stages of a timeline specific to the industrial landscape in Pakistan, 
which should focus on the importance of the public-private collaboration, capacity 
building, and changing the rules and regulations to achieve the maximum 
potential of AI to protect the environment. 
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INTRODUCTION
The pollution of the air has become one of the 
defining issues of the twenty-first century, and its 
implications on the human health, the economic 
efficiency, and the sustainability of the environment 
are overwhelming. The World Health Organization 
has estimated that air pollution of the atmosphere 
results into the premature death of about 4.2 million 
people across the world with the developing nations 
absorbing a disproportionate share of these deaths 

[1]. The example of Pakistan displays this crisis as it 
is regularly at the list of the most polluted countries 
of the world and the large urban areas, including 
Lahore, Karachi, and Faisalabad, have the dangerous 
levels of air quality that are massively worse than the 
international norms [2]. One of the main sources of 
atmospheric pollution in Pakistan is the industrial 
sector, whose emissions comprise of textile 
manufacturing, cement production, brick kiln, and 
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steel manufacturing among other sources of ambient 
levels of particulate matter (PM2.5, PM10), sulfur 
dioxide (SO2), nitrogen oxides (NOx) and carbon 
monoxide (CO) and volatile organic compounds 
(VOCs) [2], [3]. Although there are detailed 
environmental laws which cover the Pakistan 
Environmental Protection Act (PEPA) 1997 and 
National Environmental Quality Standards (NEQS) 
the implementation of these laws is in its perennial 
shambles as the lack of monitoring systems, 
inadequate technical capacity and resources and the 
existence of poor regulatory capacity continues to 
hamper implementation [4], [5]. 
In that regard, Artificial Intelligence is an 
opportunity of a paradigm shift, that is, the 
opportunity to transform environmental governance 
and enforcement [6]. AI solutions, including 
machine learning, deep learning, natural language 
processing, and computer vision, already have shown 
themselves to be highly efficient in terms of 
automating the pollution monitoring process, 
predicting emission trends, detecting instances of 
non-compliance, and optimization of industrial 
operations to minimize environmental impact [6], 
[7]. By combining AI and IoT sensor networks and 
satellite remote sensing, the spatial and time coverage 
of industrial emissions has never been so extensive, 
making reactive enforcement models into new 
proactive, predictive regulatory models [8], [9]. 

The review article gives an in-depth analysis of the 
application of AI in environmental law enforcement 
in order to reduce hazardous gas emissions in 
industries especially in the context of Pakistan [10], 
[11]. The aims of the review are threefold, namely, to 
synthesize the existing state of AI applications in 
environmental monitoring and compliance on the 
global scale, to examine the industrial emission 
profile and regulatory issues in Pakistan, and to 
suggest an implementation framework of using AI 
technologies in the system of environmental 
governance in Pakistan [6], [11]. The review will also 
be based on peer-reviewed articles published in the 
past five years (2020-2025) which include empirical 
research, systematic reviews and policy analyses of 
prominent journals in the environmental science 
and technology field. 
 
2. Air Quality Crisis and Industrial Emissions in 
Pakistan 
2.1 Magnitude of the Air Pollution Problem 
Pakistan is experiencing an environmental health 
crisis of such proportions. Recent epidemiological 
evaluations have shown that about 135,000 people 
in Pakistan die annually because of the causes related 
to air pollution, which is one of the highest rates of 
deaths among all worldwide factors caused by 
atmospheric pollution [2], [3]. 
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Figure 1: PM 2.5 concentrations in South Asian countries compared to WHO guideline 
 
Figure 1 refer the data about the PM2.5 
concentrations which show that the annual average 
concentration of 66.8 ug/m3 of Pakistan is 400 
times higher than the standard of 15 ug/m3 
provided by the World Health Organization [12], 
[13]. Survey in the large industrial regions of 
Pakistan including the Site Area, Korangi and the 
Landhi industrial areas of Karachi has reported a 
constancy in the levels of particulate matter well 
beyond the national environmental standards of 
quality, and during the pre-monsoon seasons 
particulate matter levels have been reported to be 
particularly high because of lower atmospheric 
dispersion [2], [14]. The health cost of such pollution 
is very high and it has been reported that 57 percent 
of chronic obstructive pulmonary disease cases, 40 
percent of lower respiratory infections, 36 percent of 
cases of ischemic stroke, and 35 percent of cases of 

ischemic heart disease in Pakistan are directly related 
to exposure to air pollution [15], [16]. 
 
2.2 Industrial Sources of Hazardous Emissions 
The industrial environment in Pakistan has a 
number of major industries, which have led to the 
pollution burden in the atmosphere [17]. The textile 
industry, which is the cornerstone of the exportation 
economy of the country, gives out a lot of emissions 
in terms of dyeing, boiler running, and combustion 
of different types of fuels such as natural gas, coal, 
wood, and cloth waste [18], [19]. The recent 
measurements of the flue gas emissions within the 
textile industry of Faisalabad have found that the 
cloth waste burning has the highest emission rates, 
with CO reading 2,091.4mg/Nm3, 
SO2reading2,978mg/Nm3 and NOx reading 
487.5mg/Nm3 , all of which are way above the 
Punjab Environmental Quality Standards [2], [3], 
[20]. 
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Figure 2: Air pollution sources distribution in Pakistan's major industrial cities 
 
Figure 2 shows another significant source of 
pollution is brick kilns; it is estimated that there are 
20,000 units of brick kilns that are in operation in 
the country which is mostly using traditional fixed 
chimney which contributes to a lot of black carbon, 
particulate matter, and sulfur compounds [21], [22]. 
Studies that have employed AI satellite imagery have 
surveyed with the use of computer-assisted satellite 
imagery the distribution of brick kilns throughout 
the Indo-Gangetic Plain to show widespread 
unregulated activity that has led to the worsening of 
air quality in the region [23], [24]. Combustion 
processes and material handling activities contribute 
to the cumulative emission burden through the 
cement industry, steel manufacturing sector and 
power generation sector [25], [26]. 
 
2.3 Regulatory Framework and Enforcement 
Challenges 
The legal system of environmental legislation in 
Pakistan encompasses the laws that form the basic 
framework of environmental legislation in the 
country such as the Pakistan Environmental 
Protection Act (PEPA) 1997 which forms the basic 
provisions of environmental legislation such as 
Environmental Impact Assessment (EIA), emission 
standards and mechanisms of providing penalties 
[27], [28]. After the 18th Constitutional 
Amendment, the provincial governments assumed 
control over environmental regulation and created 
provincial environmental protection offices and  

 
designed provincial-specific regulations, including 
the Punjab Environmental Quality Standards [29], 
[30]. 
Even with this elaborate legal framework, critical 
analyses have singled out four structural gaps that 
compromise enforcement of environmental laws: (1) 
vague legal standards and non-uniform provincial 
harmonization; (2) systemic underfunding of 
Environmental Protection Agencies with no 
accredited laboratories, digital metering devices, and 
autonomy to enforce them; (3) lack of judicial 
deterrence through sluggish tribunal courts; and (4) 
lack of citizen participation in environmental 
regulation [31], [32]. Such predicaments bring forth 
the setting in which the industrial compliance is 
mostly voluntary and the enforcement of the 
regulations is more response-based than proactive 
[31]. 
 
3. Artificial Intelligence Technologies for 
Environmental Monitoring 
3.1 Machine Learning for Air Quality Prediction 
Machine learning due to the introduction of 
powerful tools that predict ground air quality and 
forecast emissions has been found to be a major 
improvement over traditional statistical models in 
terms of discerning complicated, nonlinear 
connections between atmospheric pollutants and the 
environment. Random Forest and XGBoost have 
shown specific ability to predict Air Quality Index 
(AQI) with R2 higher than 0.85 in validation 
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experiments that were carried out at different 
geographic locations [33], [34].  
A study carried in India based on the use of the 
Random Forest classification recorded a cross 
validation of 0.89 in air quality prediction indicating 
that the model can be generalized to predict the 
quality of the air in a wide variety of monitoring sites 
[34], [35]. In a similar manner, XGBoost-based 
models in industrial cities such as Kryvyi Rih, 
Ukraine, delivered R 2 values more than 0.84 on 
pollutant concentration prediction, and, at the same 
time, detected anomalies using the Isolation Forest 
algorithms with F 1-scores over 0.80 [36], [37]. These 
machine learning methods are highly effective in 
terms of incorporating a wide range of data types 
such as meteorological variables, traffic trends and 

industrial activity signals to come up with precise 
forecasts [38], [39]. 
AQI prediction using Support Vector Regression 
(SVR) models that have been optimized using grid 
search techniques have lead to R2 values of 0.887, 
which offer effective computational performance in 
situations that require resource-constrained 
deployment [40], [41]. Interpretability of machine 
learning models is another benefit to regulatory 
applications because feature importance analyses can 
determine the major causes of pollution events, 
which will guide the design of specific intervention 
plans [42], [43]. 
 
 

 
3.2 Deep Learning Architectures for Spatiotemporal Analysis 

 

 
 

Figure 3: Performance comparison of ML and DL models for air quality prediction 
 
The architectures of deep learning, especially 
recurrent neural networks (RNNs) and convolutional 
neural networks (CNNs) have transformed the 
process of spatiotemporal pollution pattern 
recognition and prediction. Figure 3 shows Long 
Short-Term Memory (LSTM) networks and its  

 
offshoots-such as Gated Recurrent Units (GRU), and 
Bidirectional LSTM (BiLSTM) networks--are highly 
effective at modeling predictive performance in air 
quality time sequences, and are much more 
successful than other model types in the air quality 
domain [44], [45]. In a complete systematic 
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investigation into machine learning and deep 
learning methods of predicting and estimating AQI, 
CNN-GRU hybrid models were shown to be the 
most effective in 15-day predictions, whereas 
BiLSTM and LSTM models were the best at 
predicting AQI over 5 days [46], [47]. CNN-
Transformer demonstrated a specific level of 
promise, along with a 14% and a 17% decrease in 
root mean squared error (RMSE) and mean absolute 
error (MAE) of standalone LSTM models in daily air 
quality prediction [48]. Hybrid systems that use 
convolutional layers to extract spatial features and 

recurrent layers to model time have demonstrated 
classification accuracies over 99% in structured 
environmental data, and LSTM networks have 
performance of 97.5 percent in predicting temporal 
pollution [49]. Attention mechanisms combined 
with temporal graph convolutional networks have 
facilitated the prediction of numerous pollutants 
effectively, including the complex interdependence 
of NO2, SO2, and CO, and particulate matter 
concentration changes among networks of 
monitoring stations [45], [50]. 

 

AI Technology Application in Environmental Law Key Algorithms/Models 
Performance 
Metrics 

Machine Learning AQI prediction, emission forecasting, 
compliance risk assessment 

Random Forest, XGBoost, 
SVM 

R² > 0.85 

Deep Learning 
(CNN/LSTM) 

Spatiotemporal pattern recognition, 
anomaly detection 

CNN-LSTM, GRU, BiLSTM, 
Transformers 

R² > 0.94, accuracy 
99% 

Natural Language 
Processing 

Regulatory document analysis, 
compliance reporting automation 

BERT, GPT frameworks 94% classification 
accuracy 

Computer Vision Pollution source identification, facility 
inspection 

YOLO, ResNet mAP > 91% 

IoT with AI Real-time emissions monitoring, sensor 
networks 

Edge computing, sensor fusion 95% detection 
reliability 

Satellite RS + AI Large-scale emission mapping Transfer learning, Sentinel-5P Correlation 0.58-
0.75 

Table 1: AI Technologies for Environmental Monitoring and Enforcement Applications 
 
3.3 IoT-Integrated Smart Monitoring Systems 
Combining Internet of Things (IoT) technologies 
with artificial intelligence has made it possible to 
create smart environmental monitoring systems that 
could track emissions in real-time continuously and 
at much cheaper prices than the conventional 
monitoring infrastructure [51], [52]. Such systems are 
usually distributed sensor networks related with 
wireless protocols (Wi-Fi, 4G/5G, loanranswine) that 
link to cloud-connected analytics systems where AI 
algorithms are run on incoming data streams to 
identify anomalies, verify compliance, and give 
predictions [53], [54]. It has been shown that smart 
air quality monitoring systems placed in automotive 
workshops can be used to predict the air quality 
parameters with 90 percent and more precision using 
the Linear Regression and Random Forest models 
applied to the data collected by the DHT-11 and 
MQ-135 sensors sent with the MQTT protocol [55], 

[56]. Other related IoT architectures designed to 
work in the setting of developing countries, such as 
El Salvador and Bangladesh, have demonstrated 
viable pollutant sensing at a price of between 1,500 
and 15,000 dollars per monitoring node-a 80-95 
percent breakover of the reference-grade monitoring 
stations [57]. Their use of inexpensive sensor 
networks in data sparse settings is of specific interest 
to the situation of Pakistan. A study in some African 
cities such as Accra, Ghana and Lome, Togo has 
confirmed methods of calibrating low-cost sensors 
(PurpleAir, Clarity Node-S) versus reference 
monitors and has shown that well-corrected sensor 
data can be useful in understanding the contribution 
of hyper localized sources of emission [58], [59]. The 
methodologies can easily be applied to the industrial 
zones in Pakistan, where there is a scramble against 
existing monitoring infrastructure to limit 
enforcement to date. 
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3.4 Satellite Remote Sensing and AI Integration 
Remote sensing of industrial emissions using 
satellites and analytics powered by AI can provide 
some of the first instances of novel opportunities to 
monitor the emissions of industries over extensive 
geographic scope with minimal land infrastructure 
needs. Sentinel-5P, a satellite with the TROPOMI 
instrument on board by the European Space Agency, 
covers the whole globe with tropospheric NO2, SO2, 
CO, and other pollutants on a daily basis with spatial 
resolutions that are adequate to detect major 
industrial plants and urban centers [60], [61]. Deep 
transfer learning methods on satellite images have 
been shown to predict air quality on the ground in 
low- and middle-income nations with sparse 
monitoring networks, with correlation coefficients of 
0.58-0.75 with the existing ground measurements 
[48], [62]. The Sentinel-5P data is applied in research 
of the largest cities in Asia and makes it possible to 
evaluate the level of atmospheric pollution in detail 
and identify the sources of emissions and the 
dynamics of water pollution in relation to the trends 
in the activity of industrial facilities. One of the most 
applicable directions is the creation of AI-based 
systems of detecting brick kilns with a combination 
of Sentinel-2 (low-resolution) and high-resolution 
satellites [63], [64]. This is aimed at dealing with the 
problem of regulating the vast informal sector of the 
Pakistan brick kiln sector with a lot of facilities 
functioning without the required permits and 
emission regulations. Kiln location, operational 
status and time change can be detected automatically 
with the help of detection algorithms which give the 
enforcement agencies actionable intelligence to verify 
compliance. Table 1 shows AI Technologies for 
Environmental Monitoring and Enforcement 
Applications. 
 
 
 
 
 
 
 

4. AI Applications in Environmental Law 
Enforcement 
4.1 Automated Compliance Monitoring and 
Reporting 
The adoption of AI into environmental compliance 
surveillance is a systemic change in the current 
periodical and manual enforcement of 
environmental regulations to an automated and 
continuous control of the industrial emissions. 
Online compliance monitoring systems based on AI 
and IoT can detect breaches of rules and regulations 
in real-time, which serves as the main constraint of 
the traditional methods of monitoring, since they do 
not even detect the temporary pollution before it 
disappears [65]. Continuous emissions monitoring 
(CEMS) systems can be operated in industrial 
facilities using AI, which analyses the flue gas 
parameters automatically, compares them with the 
allowable limits, and can produce a compliance 
report without the involvement of a human operator 
[66], [67]. Machine learning methods that are trained 
with past emission history have been shown to detect 
trends that are likely to cause violations which can be 
mitigated before reaching the point of exceedances. 
Isolation Forest algorithm has been especially useful 
in classifying abnormalities (with F1-scores over 0.80, 
in detection of pollution spikes that need regulatory 
action) [68]. 
Automated monitoring has significant regulatory 
effects. The classical enforcement frameworks, based 
on the periodic reviews and self-reporting, have 
severe blind spots that enable the facilities that do 
not adhere to them to avoid acting [69]. These gaps 
are removed through AI based continuous 
monitoring which form a detailed record of emission 
performance that reinforces enforcement measures 
and aids in the prosecution of violations. The case 
studies of industrial pollution monitoring 
(Rotterdam, Netherlands) and air quality 
management in cities (Beijing, China) show how 
combined AI monitoring systems can enhance the 
effectiveness of forecasting pollution, regulating 
activities, and increasing citizen access to 
environmental information [6], [70]. 
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Figure 4: AI-integrated environmental monitoring/compliance framework 

 
4.2 Natural Language Processing for Regulatory 
Analysis 
NLP technologies provide strong solutions to the 
automation of the analysis of environmental 
regulations, compliance documentation, and 
enforcement records. NLP-based AI systems have the 
ability to work with high amounts of regulatory text, 
derive the relevant requirements, discover the 
compliance requirements, and determine how well 
the organization is complying with environmental 
standards [71], [72]. Automation studies in 
regulatory compliance language models have shown 
that transformer-based language models (BERT, GPT 
architectures) can attain 94%+ accuracy in document 
classification on matters of regulatory compliance 
and identifying important regulatory provisions [73]. 
Such capabilities are specifically applicable to 
environmental enforcement agencies working with 
complicated regulatory systems of air quality 
standards, emission permits, environmental impact 
assessment and penalty provisions [74]. The 
following are some of the key tasks that can be 
automated by NLP-based compliance support 
systems: finding the values of emissions thresholds 
within a permit document; contrasting reported  

 
emissions with the relevant limits; creating the 
violation notices on the basis of monitoring data; 
and constructing regulatory imperatives across 
multiple jurisdictional regimes [75], [76]. The use of 
large language models in environmental policy 
analysis has also allowed the automated retrieval of 
policy goals, implementation processes, and 
enforcement stipulations in legislative text and is 
useful in making regulative analysis more systematic 
[77], [78]. 
 
4.3 Computer Vision for Pollution Source 
Identification 
Deep learning-based computer vision algorithms 
have proven to have impressive visual inspection, 
source of pollution identification, and automated 
industrial facility monitoring capabilities. The 
architectures of object detection such as Yolo (You 
Only Look Once), ResNet, and self-designed CNN 
models can be used to identify the sources of 
emission, detect equipment problems and ensure 
adherence to the operational requirements by using 
automated methods of analyzing visual images [79], 
[80]. Studies involving the use of YOLOv7 with later 
versions to perform inspection tasks in industries 
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have achieved a mean average precision (mAP) of 
over 91 per cent, proving accurate enough to be used 
in the regulatory tasks [81], [82]. These systems may 
take the imagery of fixed cameras and drones or the 
mobile inspection units and cover the industrial 
facilities effectively without the need to have 
constant human presence. The AI-based drone 
surveillance is one of the most promising 
opportunities to keep track of sources of diffuse 
emissions like brick kilns, open burning activities, 
and fugitive emissions at industrial facilities [83]. 
Drones with multispectral cameras and onboard 
artificial intelligence can independently scan the 
territory of industries, outline possible areas of 
violations, and send geolocated notices to the 
enforcers. Deforestation studies have shown how 
drone-based surveillance coupled with an embedded 
AI can be used to monitor environmental crimes in 
real-time and issue an alert to the authorities [84]. 
Facility-level compliance check can also be assisted by 
automated visual inspection systems that identify 
problems like improper waste disposal, equipment 
decay and unauthorized modification which can be a 
sign of regulatory non-compliance [85], [86]. The 
thermal imaging is integrated which makes it 
possible to identify abnormal temperature patterns 
that would signify process upset or malfunctions of 
the emission control equipment [87]. Figure 4 shows 
AI-integrated environmental monitoring/compliance 
framework. 
 

4.4 Predictive Analytics for Proactive Enforcement 
This is because the predictive nature of AI systems 
will allow the regulatory agencies to transform 
reactive to proactive enforcement of the 
environment by anticipating violations and 
permitting the agency to act before the environment 
is spoilt. There are predictive models to recognize the 
facilities that are in a high compliance risk based on 
their past performance trends, industry attributes, 
operation factors, and external forces such as weather 
and economic forces [88]. Models of machine 
learning that have ancestral violation information 
can produce risk scores of single plants allowing 
inspection resources to be prioritized to the riskiest 
targets [89]. This is an efficient method of 
enforcement because the limited regulatory capacity 
is deployed where it is most needed rather than on 
facilities that are already complying. 7-15 day air 
quality forecasting models give 7-15 days of 
prediction of the expected instances of pollution, 
which allows the regulatory bodies to liaise with the 
industries on the temporary abatement of emissions 
or to provide warnings to the at-risk groups to ensure 
protection [90], [91]. Studies have shown that the 
correctly trained AI models have the capacity to 
predict the values of the AQI with an accuracy of 90 
percent or higher over a one-week horizon and give 
useful lead time to implement reactionary measures 
[92]. Table 2 shows predictive analytics for proactive 
enforcement. 

Parameter Traditional Monitoring AI-Based Monitoring Improvement Factor 

Data Collection Frequency Periodic (weekly/monthly) Continuous real-time 100x+ more frequent 

Spatial Coverage Limited fixed stations Wide-area sensor networks 10-50x greater coverage 

Detection Accuracy Variable, inspector-dependent R² > 0.85, consistent 30-50% higher accuracy 

Response Time Days to weeks Seconds to minutes 1000x faster response 

Cost per Monitor $50,000-100,000+ $1,500-15,000 80-95% cost reduction 

Predictive Capability None Advanced forecasting New capability enabled 

Human Resource Requirement High Low – automated 70-90% reduction 

Table 2: Comparison of AI-Based vs Traditional Environmental Monitoring Approaches
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5. Industrial Sector Applications in Pakistan's 
Context 
5.1 Textile Industry Emission Management 
The textile industry of Pakistan, which provides 
about 60 percent of the national export revenues, is 
one of the largest contributors to industrial release, 
and also an area of implementation of AI-based 
environmental monitoring issues [93], [94]. The 
environmental impact of the sector includes air 
pollution released by the boilers operation, 
wastewater released by the factories that includes 
dyes and chemicals, and solid waste produced during 
the entire chain of production. The AI uses in textile 
industry emission management are textile flue gases 
(CO, SO2, NOx) real-time monitoring of 
combustion systems, optimization of fuel selection 
and brunt operations to reduce emissions, and 
predictive maintenance of pollution control 
equipment [95].  
It has been shown that digital twin technology used 
in textile dyeing may lead to 12.1-percent energy use 
reduction and proportional decrease in greenhouse 
gas emissions without product quality decrease [96]. 
The ability to predict the release of pollutants with 
textile-specific emission prediction models allows the 
correct forecasts depending on the production 
parameter, the fuel nature, and the condition of the 
equipment. Machine learning algorithms are capable 
of determining the best operating conditions that 
balance production needs with performance of the 
environment in favor of the ongoing reduction of 
emission intensity. Studies that compare the levels of 
flue gases released by 109 textile plants in Faisalabad 
offer baseline information to train AI models that 
are able to identify types of fuels and forecast the 
level of emissions to be produced by the operational 
features [97]. 
 
5.2 Brick Kiln Monitoring through Satellite AI 
The brick kiln industry poses its own particular 
difficulties concerning the control of activities 
because of the high number of scattered plants, the 
informal operations, and the lack of regulatory 
control. The satellite surveillance using AI would 
provide a scalable way to monitor all the operations 
of a brick kiln in the Punjab province of Pakistan 
and the entire region of Indo-Gangetic Plains [24]. 
Studies based on deep learning object detectors 

(YOLO networks) on coupled Sentinel-2 and high-
resolution satellite imagery have demonstrated 
successful detection of the location of brick kilns, its 
operational state, and emission plumes [63], [98]. 
This method allows the regulatory organs to keep up 
to date records of operating kilns, to confirm  
seasonal operating limits during smog events and to 
monitor conversion to more efficient zigzag kiln 
technology. This combination of satellite surveillance 
and ground-based air quality indicators allows 
assigning ambient pollution to certain categories of 
sources to make enforcement priorities possible. In 
times of acute smog in Lahore, AI-based source 
apportionment is able to differentiate between 
contributions made by brick kilns, crop residue 
burning, vehicle emissions, and industrial sources 
and direct mitigation measures, based on the 
information [99]. 
 
5.3 Cement and Steel Industry Applications 
Cement and steel production industries also 
generate significant amounts of particulate matter, 
CO2, and criteria pollutants that need to be 
monitored and controlled. In these manufacturing 
sectors, AI is applied to optimization of processes, 
predictive maintenance, and online emission 
monitoring [97]. Also, ALS can be used to monitor 
the continuous emission analysis system to identify 
abnormalities in the normal functioning of the 
equipment or process that lead to emission overload. 
Predictive maintenance can be used to prevent equity 
failure in advance before it happens, based on 
machine learning models that are trained on 
historical data about processes, which can avert not 
only emission spikes but also production disruptions 
[100].  
With the help of AI, process optimization can be 
used to find the working parameters that will reduce 
the level of emissions without interfering with the 
production goals. Industrial energy efficiency studies 
have shown that AI-based optimization would be 
able to reduce emissions by 10-15% with better 
control of combustion, raw material selection, and 
scheduling of production [35], [101]. These abilities 
are especially applicable to the cement sector in 
Pakistan where the cement production should be 
synchronized with the goals of air quality 
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improvement. Table 3 shows  Pakistan’s Industrial 
Emissions Profile and AI Application Potential. 
 

 

Table 3: Pakistan’s Industrial Emissions Profile and AI Application Potential 
 
6. Implementation Framework for Pakistan 
6.1 Policy and Regulatory Enablers 
The implementation of AI technologies to enforce 
environmental regulations in Pakistan needs the 
enabling policy environment, which considers the 
aspects of legal authorization, data governance, 
institutional capacity, and cross-agency coordination. 
Key policy enablers include: 
● Modernization of the Legal Framework: 
The changes to PEPA 1997 and provincial 
environmental laws should explicitly permit AI-based 
monitoring systems and should provide evidentiary 
standards to AI-generated compliance data and 
should specify the liability models of AI-based 
decisions [102]. The regulatory framework must 
require the continuous emission monitoring of large 
industrial facilities, and the analytics based on AI 
should be incorporated in the conditions of the 
permits. 
● Data Governance Standards: General data 
governance policies should be included to cover the 
collection, storage, sharing and quality assurance of 
environmental monitoring information [100]. 
Standards likewise ought to guarantee 
interoperability in monitoring systems which are run 
by federal and provincial agencies, industry self 
monitoring schemes, and third party verification 
plans among others. The privacy of the industrial 
operational data also needs to consider proper 

protection and at the same time transparency in the 
reporting of environmental performance. 
● Institutional Capacity Development: The 
federal and provincial Environmental Protection 
Agencies should have greater technical capacity in 
terms of trained data scientists, AI-trained 
environmental engineers and IT infrastructure 
specialists [42], [103]. Knowledge transfer and 
sustained technological development can be assisted 
by partnership with universities and research 
institutions. 
 
6.2 Technology Infrastructure Requirements 
Implementing AI-based environmental monitoring 
in Pakistan will need the investments in a number of 
technological infrastructure elements: 
●  Sensor Networks: The extension of air 
quality surveillance to low-cost sensor networks in 
industrial regions, cities, and pollution super 
hotspots [104]. Scientific studies prove that even 
simple low-cost sensors (calibrated to 1,500-
5,000/unit) can offer credible data to use in 
enforcement provided they are in good condition. 
●  Data Integration Platforms: Data platforms 
a cloud-based system that can ingest, process and 
analyse streaming data over distributed sensor 
networks, satellite imagery and industrial surveillance 
systems [105]. 
●  Computing Infrastructure: The training 
and inference of AI models demand the availability 

Industry Sector Hazardous Emissions Regulations AI Application Potential 
Textile Industry SO₂, NOₓ, CO, VOCs, PM PEPA 1997, Punjab PEQS Real-time monitoring, fuel 

optimization 
Cement Industry CO₂, PM10, PM2.5, NOₓ, 

SO₂ 
NEQS, EIA Requirements Predictive maintenance, emission 

forecasting 
Brick Kilns CO, SO₂, PM2.5, Black 

Carbon 
Brick Kiln Act, PEPA 1997 Satellite monitoring, kiln mapping 

Steel 
Manufacturing 

CO₂, CO, NOₓ, PM, 
Metals 

NEQS Industrial Standards Process optimization, anomaly 
detection 

Transportation CO, NOₓ, PM2.5, VOCs Motor Vehicle Rules, 
NEQS 

Traffic management, emission zones 

Power Generation CO₂, SO₂, NOₓ, PM, 
Mercury 

NEQS, National Climate 
Policy 

Load optimization, renewable 
integration 
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of suitable computing resources which may be cloud 
computing services [106]. Edge computing provides 
real-time processing in the places of monitoring.  
● Communication Networks: Breadth The 
connectivity to be used in data transmission between 
monitoring sensors and central analytics platforms is 
reliable based on the presence of 4G/5G cellular 
networks, radio systems, or satellite communications 
[107]. 
 
6.3 Capacity Building and Training 
Human capital development is an important success 
factor during AI implementation in environmental 
governance:  
● Technical Specialists: To successfully 
implement and support intelligent monitoring 
systems, environmental scientists and engineers need 
to have access to organized training in the basics of 
AI and machine learning, data analytics, and system 
operation. This capacity building would allow 
specialists to tune up models properly, and confirm 
outputs, as well as make AI tools adapt to changing 
environments. Interdisciplinary training is especially 
significant in Pakistan, where there is little expertise 
available in the field of environmental 
science/artificial intelligence [108]. 
● Regulatory Staff: The ability and limitations 
of AI systems and potential legal consequences of 
automated testing should be the focus of awareness 
training of  

● Regulatory and enforcement staff. Such 
training promotes their understanding of AI-
generated output, which involves anomaly detection, 
and violation warning in legal and regulatory 
context. To make sure that AI-generated evidence is 
properly understood and enforced lawfully, it is 
necessary to reduce the number of conflict situations 
during the compliance procedure [109].  
● Stakeholders in the Industry: The 
stakeholders in the industry, such as the plant 
managers and facility operators should be sensitized 
on why and the need to implement AI-based 
monitoring and pollution minimization strategies. 
The acceptance, compliance and willing adoption of 
cleaner technologies can be enhanced through 
awareness. In the long term, the participation of the 
industry, which is fully informed, will decrease the 
workload on enforcement and create the culture of 
environmental responsibility [110]. 
 
6.4 Phased Implementation Roadmap 
Table 4 shows Implementation Roadmap for AI 
Integration in Pakistan’s Environmental 
Governance. A phased approach recognizes resource 
constraints and enables learning before scaling. 
 
 
 

Phase Timeline Key Activities Expected Outcomes Investment 
Foundation Years 1-2 Policy framework, capacity, 

infrastructure, pilot sensors 
Regulatory foundation, coverage in 
4 cities, 500+ personnel 

$5-10M 

Pilot 
Implementation 

Years 2-3 AI model development, 
textile/cement pilots, EPA database 
integration 

Validated models, 30% detection 
improvement, 50+ facilities 
monitored 

$15-25M 

Scale-Up Years 3-5 Nationwide sensor expansion, satellite 
integration, compliance dashboards 

80% industrial coverage, 50% faster 
response, automated reporting 

$30-50M 

Full Integration Years 5-7 Digital transformation, predictive 
enforcement, cross-border monitoring 

Governance, 40% emission 
reduction 

$50-80M 

Table 4: Implementation Roadmap for AI Integration in Pakistan’s Environmental Governance 
 
7. Challenges and Barriers to Implementation 
7.1 Technical Challenges 
● Quality and Availability of Data: Pakistan 
has a scanty historical data on monitoring and 
uneven methodologies limit the development of 
models [111].  

 
● Model Validation and Calibration: 
Inexpensive sensors require a calibration and 
confirmation with a reference monitor which is 
frequently not available locally [112]. 
● Infrastructure Reliability: Infrequent 
power, connection interruptions, and extreme 
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conditions in the industrial regions influence the 
functioning of the system [113]. 
 
7.2 Institutional and Governance Challenges 
● Regulatory Fragmentation: The varying 
priorities of environmental regulations and 
enforcement by different provinces usually pose 
coordination issues to AI systems that seek to 
monitor emissions across borders. Such differences 
may result in inconsistent data standards and non-
coherent realization of monitoring technologies. The 
absence of coordinated governance systems can 
decrease the general efficiency of AI-based 
environmental control on the national scale [114].  
● Enforcement Capacity Constraints: The lack 
of technical knowledge and human capabilities in 
the regulatory bodies prevents the effectiveness of 
responding to the violations identified by AI systems. 
Inadequate enforcement capability can postpone the 
process of inspection and remedies even in the case 
of non-compliance detection by automated tools. In 
the absence of institutional reinforcing, the AI 
systems can become instruments of diagnostics that 
will have no significant legal consequences [115].  
● Resistance to Change: Resistance to AI-
based decision-making and the organizational inertia 
are the obstacles to its adoption by regulatory bodies. 
The opposition can be due to the fear of job loss, a 
lack of confidence in the results of algorithms, or the 
inability to use digital systems. The confidence and 
institutional buy-in should be developed through 
strategic change management programs such as pilot 
projects and demonstrative successes [116]. 
 
7.3 Economic and Resource Constraints 
● Initial Investment: Expensive initial expenses 
on sensors, monitoring infrastructure, data platforms 
and system integration are competing with other 
urgent government demands. In the case of 
developing economies such as Pakistan, the problem 
of budgetary constraints may postpone the 
application of AI on a large scale. Financial barriers 
can be reduced with the help of public-private 
partnerships and gradual implementation. 
● Operational Sustainability: Due to the long-
term operation, the budgets on system maintenance, 
calibration, cloud services, and qualified personnel 
should be constant. Lack of effective financing 

systems can lead to the decay of AI-based surveillance 
systems or obsolescence. Sustainable financial 
planning is thus required to ensure the accuracy of 
the data and regulatory effectiveness. 
● Industrial Competitiveness: The compliance 
costs of AI-based environmental regulations will be 
disproportionately applied to export-oriented as well 
as small to medium-sized industries. Otherwise, these 
costs may decrease the competitiveness of industries. 
Environmental compliance and economic growth 
can be balanced with the help of gradual rollouts, 
financial incentives and technical assistance 
programs. 
 
8. Case Studies and Global Best Practices 
8.1 China's Smart City Air Quality Management 
The smart city air quality programs in China are a 
combination of ground sensors, satellite data, and 
machine learning, eliminating PM2.5, SO2, and 
NOx by increasing regulatory capacity, green 
technology, and focused industrial intervention [70], 
[117]. 
 
8.2 European Union AI Act and Environmental 
Applications 
The EU AI Act offers a risk-based system of 
regulating high-risk AI, such as environmental 
surveillance, and mandates transparency, traceability, 
and human control [118]. The European digital 
compliance monitoring proves to be legally viable 
and have good environmental results [102]. 
 
8.3 Developing Country Implementations 
The experiences of Indonesia and India also 
demonstrate that it is possible to realize a radical 
increase, yet the solutions will have to be customized 
to reflect the local infrastructure and capacity [119]. 
Scalable low cost models are shown by African 
experience in sensor deployment. 
 
9. Future Directions and Research Needs 
9.1 Emerging Technologies 
● Edge AI and Federated Learning: Edge AI 
and federated learning allow the local analysis of data 
and protect the privacy and security of data. These 
technologies eliminate the need to rely on 
centralized transfer of data thus reducing bandwidth 
needs and the cost of operation. They are especially 
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applicable in those areas that lack connectivity and a 
high level of data governance issues. 
●  Explainable AI (XAI): Explainable AI 
makes the process of algorithmic decision-making 
more transparent to regulators, courts, and other 
stakeholders. This openness is essential in instilling 
regulatory trust on automated compliance checks 
and enforcement measures. Accountability is another 
area that is aided by XAI since it allows auditing AI-
generated decisions. 
● Digital Twins: Digital twins model 
industrial processes to test the emission reduction 
plans in advance when they will be implemented in 
the real world. Through simulation of different 
operation scenarios, industries can be able to 
optimize the efficiency reducing the impact on the 
environment. These instruments favor proactive and 
not reactive management of the environment. 
 
9.2 Research Priorities for Pakistan 
● Local Model Development: The AI models 
have to be modified to the local industry trends, fuel 
type, weather conditions, and regulations in 
Pakistan. The use of foreign trained models can 
result into inaccurate predictions because of 
mismatches in context. Development of local models 
enhances policy relevance and reliability. 
● Effective monitoring: Studies ought to be 
done to come up with low cost, high capable sensor 
technologies and scalable data solutions that can be 
effectively used on a large scale. Small industries and 
remote industrial areas require affordable systems in 
order to be monitored. The cost-effective solutions 
expand regulatory coverage without causing too 
much financial pressures. 
● Health Impact Assessment: The analysis of 
the data exposures to pollution based on AI can be 
incorporated professionally in the health impact 
assessment. The association of the monitoring of 
emissions with the results of the health of people will 
add power to the policies and reinforce laws. Such 
strategy will allow policymakers to focus on 
interventions according to quantifiable health 
hazards, and thus, increase safety of the population. 
 
10. Conclusions and Policy Recommendations 
Potential changes in technological use of Artificial 
Intelligence to enhance the environmental law 

enforcement and reduce the emission of hazardous 
gases by industries are transformative in nature. AI 
technologies allow constant observation, precise 
forecasting, automated compliance evaluation, and 
proactive enforcement which is a benefit compared 
to traditional methods. 
Key recommendations:  
⒈ Modify the law to permit AI-based 
surveillance and create regulations. 
⒉ Invest in sensor networks of large industrial 
areas.  
⒊ Transfer and capacity building 
internationally in terms of technology.  
⒋ Develop a data integration platform 
nationally. 
⒌ Participate in industry through technical 
support and betterment programmes.  
⒍ The international climate finance may be 
sought to facilitate implementation.  
The realization of the complete benefits will entail 
the concerted effort in policy, technology, and 
human capital. Strategic implementation will result 
in better public health, better regulation, and 
international recognition. 
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