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Brick Kiln Dataset for Pakistan’s 
IGP Region Using AI
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Brick kilns are a major source of air pollution in Pakistan, with many operating without regulation. A key 
challenge in Pakistan and across the Indo-Gangetic Plain is the limited air quality monitoring and lack of 
transparent data on pollution sources. To address this, we present a two-fold AI approach that combines 
low-resolution Sentinel-2 and high-resolution imagery to map brick kiln locations. Our process begins 
with a low-resolution analysis, followed by a post-processing step to reduce false positives, minimizing 
the need for extensive high-resolution imagery. This analysis initially identified 20,000 potential brick 
kilns, with high-resolution validation confirming around 11,000 kilns. The dataset also distinguishes 
between Fixed Chimney and Zigzag kilns, enabling more accurate pollution estimates for each type. 
Our approach demonstrates how combining satellite imagery with AI can effectively detect specific 
polluting sources. This dataset provides regulators with insights into brick kiln pollution, supporting 
interventions for unregistered kilns and actions during high pollution episodes.

Background & Summary
Air pollution in South Asia is responsible for over 2 million premature deaths annually with pollution levels 
exceeding World Health Organization (WHO) air quality standards by up to ten times for particulate matter 
(PM2.5)1,2. The Indo-Gangetic Plain (IGP), a region (Fig. 1a) encompassing 13.5 million hectares of land across 
India, Pakistan, and Bangladesh is one of the most polluted regions globally3,4. The region’s meteorological and 
topographical region restricts the dispersion of pollutants, making it a global air pollution hotspot5. This is also 
highlighted from satellite data observations that have shown a temporal increase from 2011 to 2021 in pollutants 
such as sulphur dioxide (SO2), nitrogen oxides (NOx), and other aerosols6.

In developing countries, air pollution from informal sectors is often unregulated and can go unabated due 
to limited or no regulations. This is partly due to little or no data available7. In the IGP region, the sources of air 
pollution include industrial activities8, vehicular emissions9, burning of agricultural crop residue10, and trans-
fer of trans-boundary pollutants. In particular, trans-boundary sources of air pollutants can impact air quality 
across countries as has been observed in the IGP with India being the major source of pollution affecting both 
Pakistan and Bangladesh. The latter is particularly vulnerable, where most air masses from the Indian IGP 
region transports pollutants across borders11 contributing up to 40% of pollution in Bangladesh-India bordering 
cities12.

In South Asia, the brick kiln industry contributes not just to greenhouse gas emissions (GHG) but also to 
non-GHG emissions. Asian continent contributes to 87% of the total 1.5 trillion clay bricks manufactured annu-
ally with South-Asian countries (Pakistan, India, Nepal, and Bangladesh) producing 20% of those second only to 
China13. The kilns in South Asia are fueled by low- to medium-grade coal. Non-GHG emissions associated with 
producing bricks include particulate matter (PM), sulphur dioxide (SO2), nitrogen oxides (NOx), and carbon 
monoxide (CO) emissions pose a health hazard. A World Bank report claims that the brick kiln industry can be 
responsible for up to 91% of air pollution in some cities of the three South Asian countries mentioned14.

The short- and long-term exposure to the listed pollutants poses a health risk. Fine particulate matter such 
as PM2.5 or smaller can penetrate deep into the lungs, circular system, and other organs15. Exposure to PM2.5 can 
cause cardiovascular, respiratory, and pulmonary diseases with the potential of being fatal16. Research has also 
shown evidence of air pollution leading to epigenetic modifications which can be inherited across generations17. 
This highlights the potential impacts of air pollution on the neurodevelopmental growth of future generations. 
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Studies have shown a link between PM, CO, NO2, and SO2 exposure during pregnancy and an increased prob-
ability of premature births and low birth weights in infants18,19. This is a critical issue, given Pakistan has one of 
the highest fertility rates in South Asia20. Similarly, prolonged exposure to air pollution significantly reduces the 
life expectancy, such as 4.3 years in Pakistan21, 5.3 years in India by22, and a staggering 6.8 years in Bangladesh23 
on average.

Despite knowing the health hazards of air pollution, a major challenge remains: accurately monitoring the 
impacts of various pollutants, identifying and understanding their sources.

The lack of a publicly available dataset for brick kilns in Pakistan also correlates with the informal and often 
illegal operation of the facility. The kilns in South Asia are outdated but research suggests that the substitution 
of these traditional brick kiln practices such as Bull’s Trench Kiln (BTK) and Fixed Chimney Bull’s Trench Kiln 
(FCBK) adopted in the South-Asia’s IGP region with more efficient technologies such as ZigZag or Hoffman 
Kilns may reduce CO and PM emissions by over 60%13,24. Despite China being the world’s largest producer of 
brick kilns, its manufacturing is dominated by modern technologies using Hoffman Kilns, allowing it to reduce 
emissions of toxic pollutants and greenhouse has emissions25. Therefore, by determining the location of these 
polluting assets, we can estimate pollution exposure to nearby population and demand for better regulations.

Previously, there have been efforts to detect brick kilns at scale using satellite imagery in Bangladesh26 
and India27. An emission inventory developed for the Indian region of IGP has declared brick kilns to be the 
top-most priority for assessing particulate matter emissions with Uttar Pradesh, India having the highest num-
ber of reported brick kilns28. Previous works have used field surveys and remote sensing to evaluate energy 
consumption and enumerate brick kilns in India29. Deep Neural Networks (DNNs) have been used to demon-
strate the use of high-resolution satellite imagery for the West Bengal region in India27; whereas, another study 
highlights transfer learning and self-supervised learning techniques for detecting 7477 brick kilns in five states 
of India with an accuracy of 81.72%30. For Bangladesh, high-resolution satellite imagery and a deep learning 
backed approach have been used for the identification of brick kilns, reporting 94.2% accuracy with 88.7% 
precision26.

In Pakistan, despite efforts to use satellite imagery and AI to detect brick kilns in certain regions of the coun-
try31,32, there remains a data gap in large-scale satellite monitoring of brick kilns.

To this end, we have developed an open source asset-level dataset of brick kilns in Pakistan’s IGP region. The 
final dataset differentiates between Fixed Chimney Bull’s Trench Kiln (FCBK) and ZigZag kiln types. The dataset 
contains detailed brick kiln asset characterisitics including: id (unique identifier for each brick kiln site), location 
specific information (latitude, longitude, administrative state or region of the kiln), type (classification of brick 
kiln (FCBK or ZigZag), and number of schools, hospitals, estimated populations within a 1 km radius.

Methods
We collected open-source satellite imagery to develop an asset-level brick kiln dataset. The Pakistani portion of 
the IGP primarily consists of the vast Indus River plain, covering approximately 200,000 square miles (518,000 
square kilometers) of fertile land33. This region encompasses a significant part of Pakistan’s agricultural heart-
land, including most of Punjab province, as well as part of Sindh and Khyber Pakhtunkhwa (KP) province.

Although brick kilns are easily visible in satellite images, precisely identifying their locations is 
time-consuming and expensive. To address this issue, we utilize a combination of openly available low-resolution 

Fig. 1  Study Area Map - (a) The Indian-Gangetic Plain (IGP) region, spanning across Bangladesh, India, and 
Pakistan (b) Focuses on the IGP region within Pakistan, which is the specific area of interest for kiln detection 
in this study.
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satellite imagery and commercial high-resolution satellite imagery that helps to reduce costs and speed up the 
identification process.

The methodology to build the dataset is divided into two phases to effectively identify and classify brick 
kilns in satellite imagery. In the first phase, we applied a Random Forest classifier to low-resolution RGB 
Sentinel-2 imagery for initial pixel-wise detection followed by a post-processing step across the entire region 
shown in Fig. 1(b). This allowed for extensive coverage but was hindered by the similarity in color profiles 
between brick kilns and surrounding areas, leading to occasional misclassifications. To overcome this, we inte-
grated a YOLOv8 object detection model, using high-resolution imagery from the Google Maps Static API34 
to differentiate between FCBK and ZigZag kilns and validate points identified by the Random Forest model. 
This high-resolution pipeline was also utilized in regions without Sentinel-2 data. By primarily relying on 
open-source low-resolution imagery and selectively using high-resolution imagery when necessary, we created a 
comprehensive dataset of brick kiln locations across the study area, addressing the existing data gap in Pakistan.

Phase One: Random Forest for Pixel-Wise Identification.  In this phase, we leveraged Random Forest 
to perform an initial, pixel-wise classification of brick kilns using Sentinel-2 imagery followed by a dedicated 
post-processing pipeline to refine detections, reduce false positives, and enhance the accuracy of the identified 
kiln locations.

Data Collection and Annotation for Random Forest.  The data collection process focused on acquiring satellite 
imagery for the study area in the Pakistani IGP region. We utilized Sentinel-2 imagery from July 1, 2023, to 
July 15, 2023, a period when brick kilns are typically active in Pakistan. Specifically, we used Sentinel-2 MSI 
(MultiSpectral Instrument) Level-2A imagery, which provides surface reflectance data for precise detection and 
analysis35. This imagery was accessed using the Google Earth Engine platform (https://earthengine.google.com) 
via the dataset COPERNICUS/S2_SR, which is openly available under the Copernicus Open Access License.

The dataset included the RGB bands of the Sentinel-2 imagery and served as our primary dataset for brick 
kiln detection across most of the study area. To ensure high-quality imagery, we applied a cloud cover removal 
process and downloaded only images with less than 2% cloud cover. The cloud masking process involves identi-
fying and removing pixels affected by clouds and cirrus from the imagery. This is achieved by evaluating quality 
assessment flags that indicate the presence of these atmospheric conditions. By applying this mask, we ensure 
that only clear and cloud-free data is utilized. The Pakistani IGP region as shown in Fig. 1(b), was divided into 
measuring 100 × 100 km2 grids, totaling approximately 60 grids. To effectively train the models, we annotated 
satellite images of each grid tile with different land cover classes. This process involved manually labeling the 
images to categorize different land cover types, such as urban areas, vegetation, water bodies, bare land, and 
brick kilns as the main target feature. Careful annotation was crucial to avoid confusion in the model training 
process and to ensure the accurate classification of diverse land cover types within the area of interest. The visual 
appearances of these land cover types are illustrated in Fig. 2 and their semantic characteristics are delineated 
in Table 1. By annotating all 60 grids across the entire region rather than focusing on a smaller subset, this 
approach is estimated to have reduced false positives by at least threefold. We categorized the annotations into 
ten classes as shown in Table 3.

Training Setup and Pixel-Wise Classification.  For our classification task, we employed a Random Forest classi-
fier, a robust ensemble learning method known for its ability to handle diverse datasets. This model was selected 
due to its proven efficacy in managing high-dimensional data, such as the Sentinel-2 imagery, and its capability 
to accommodate both continuous and categorical variables36. The dataset was divided into 80% training and 20% 
testing, ensuring that the model was trained on a substantial portion while reserving enough data for evaluation. 
The Random Forest model was trained with 500 decision trees (estimators), each constructed using a random 
subset of the training data and features to mitigate over-fitting and enhance the model’s generalisability. At each 
split, a maximum of ten features were considered, with a maximum tree depth of 50, a minimum of two samples 
per split, and a minimum of one sample per leaf. This configuration promoted efficient feature selection and 
optimized model performance on the test data.

The model achieved a high recall of 97% and a precision of 72% on the test dataset for detecting brick kilns.  
A recall rate of 97% indicates that the model successfully identified 97% of the actual brick kiln pixels in the 
dataset, meaning that it captured nearly all instances of the brick kilns, with very few false negatives. However, 
the precision rate of 72% shows that, among the instances labeled as brick kilns by the model, only 72% were 
actually brick kilns, indicating a considerable number of false positives. In this context, a false positive occurs 
when the model incorrectly labels a non-brick kiln feature as a brick kiln. High recall with low precision often 
implies that while the model is very sensitive in detecting potential brick kilns, it lacks specificity, and mistakenly 
identifies other structures or features with similar visual characteristics as brick kilns. These false positives can 
lead to overestimations in the count or area of brick kilns, which would skew the analysis and limit the practical 
utility of the results. To address this imbalance and improve the accuracy of our brick kiln detection, we recog-
nized the need for a post-processing pipeline.

Sentinel-2 Grid Selection For Inferencing.  Initially, we used 5 × 5 km grids to cover large areas, but this grid 
size proved inadequate for detecting smaller, dispersed kilns due to Sentinel-2’s 10m resolution. As shown in 
Supplementary Fig. 1, where (a) represents a 5 × 5 km grid and (b) represents a 1 × 1 km grid, the larger grid 
size makes it challenging to visually identify individual brick kilns. The 5 × 5 km grid limited the effective-
ness of post-processing steps, resulting in reduced detection accuracy. Switching to 1 × 1 km grids allowed 
for more focused analysis, better aligned with Sentinel-2’s resolution, and improved the precision of our 
post-processing steps. This adjustment reduced false positives and allowed us to capture smaller kilns more 
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accurately. Consequently, the 1 × 1 km grid proved to be the optimal choice for accurate brick kiln identification 
across the study area.

Post Processing and Geolocating.  After training the model, we applied the Random Forest classifier to Sentinel-2 
imagery across the entire IGP region, where each Sentinel-2 image covers an area of 1 × 1 km2. Following the 
initial pixel-wise classification using Random Forest across the entire IGP region as illustrated in Fig. 3(a), we 
applied a post-processing step to enhance the accuracy of brick kiln detection. This step was crucial for reducing 
noise and improving the coherence of detected regions. The post-processing pipeline, shown in Fig. 3(b), follows 
a structured sequence of steps. The process begins by generating a binary mask from the Random Forest model’s 
pixel-wise classification results, which identifies areas that are likely to contain brick kilns. This results in a new 
image consisting of two classes: detected brick kilns, shown as red pixels, and the background, represented in 
black. Isolated pixels are removed to reduce false positives. Morphological closing is applied to eliminate noise 
and consolidate fragmented areas, forming coherent clusters. These red pixels are clustered based on proximity, 
with each cluster corresponding to a distinct kiln. The geometric center of each cluster is computed to determine 
precise kiln locations, converted into geographical coordinates, and redundant detections within a 20 meter 
radius are eliminated. Finally, the number of centers is capped at fifteen per square kilometer, as it is highly 
improbable for more than fifteen brick kilns to exist within such a confined area, ensuring a significant reduction 
in false positives.

Sentinel-2 Pipeline Results.  The machine learning pipeline was evaluated across four regions: Khyber 
Pakhtunkhwa (KP), northern Punjab, southern Punjab, and Sindh. The entire IGP region comprises 20,873 data 
points, with 11,536 points from southern Punjab and Sindh, and 9,337 points from Northern Punjab and KP. 
The model performed particularly well in Northern Punjab and KP, as the detected points closely matched the 

Fig. 2  Image tiles illustrating different classes labelled for training our Random Forest Classifier.
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expected number of brick kilns in these areas. However, in Southern Punjab and Sindh, the model produced a 
higher rate of false positives. Despite this, the post-processing pipeline significantly improved results, reducing 
false positives by twenty-fold. Without this pipeline, we estimated that over 400,000 points would have been 
generated, making cross-verification prohibitively costly. There were also areas where Sentinel-2 data was una-
vailable and the model could not detect any brick kilns in those regions.

Advancing to YOLO: Building on Random Forest Findings.  In the random forest phase, detecting 
brick kilns in the Sindh and Southern Punjab regions presented a challenge—kilns and surrounding areas exhib-
iting red hue. This resemblance led to high false positive rates. Since the random forest algorithm analyzes each 
pixel independently, it loses important spatial context, making it difficult to distinguish between neighboring 
objects. Additionally, though fewer, false positives also occurred in Northern Punjab and KP. Given these chal-
lenges and the need to classify brick kilns into FCBK and ZigZag types, we transitioned to YOLO, which improves 
spatial awareness by dividing the image into grids, predicting bounding boxes, and assigning class probabilities, 
resulting in more accurate object detection. YOLO’s deep learning architecture autonomously learns relevant 
features during the training process, eliminating the need for manual feature selection required in methods such 

T0 T1 T2 Semantic Characteristic

Land Cover

Vegetated Areas
Green Areas Areas covered with grass and maintained vegetation with tones of green

Forests Large areas with continuous dense, dark green patches with dominance of trees

Non- Vegetated Areas

Fallow Lands Light brown, reddish tones with large, open rectangular patches with visible 
soil and sparse or no vegetation

Desert Uniform land with a sandy texture, little vegetation, brown or beige tones, and 
ripple like patterns expanding large areas with little variation in landscape

Rocky Terrain Rough, jagged patterns with reddish brown tones and uneven textures with 
pronounced vertical features

Water Bodies Rivers, lakes, ponds, and other standing or flowing bodies of water

Urbanized Structures

Urban Areas Pixelated areas with mixtures of colors appear as dense and complex patches of 
structures

Redroof Structures Red human made structures with rectangular or geometric patterns with visible 
boundaries

Roads Long, straight, or curved linear features typically in gray tones sometimes with 
intersections

Industrial Use Brick Kilns Ovular or rectangular structures surrounded either by vegetation or barren 
land with a distinguishable reddish-brown tone.

Table 1.  Categorisation of Land Cover Types with Semantic Characteristics for Each Sub-Class.

Index Class Number of Samples (Pixels)

1 Brick Kilns 25,678

2 Redroof Structures 950

3 Water Bodies 6,578

4 Green Areas 13,234

5 Forests 4,300

6 Fallow Lands 21,893

7 Desert 6,918

8 Urban Areas 5,435

9 Roads 3,462

10 Rocky Terrain 8,214

Table 3.  Annotated Pixel Counts for Land Cover Classes in Sentinel-2 Imagery for Random Forest Classifier 
Training.

Region
Total Points 
Identified by RF

Brick Kilns 
Detected by YOLO

Percentage 
Detected (%)

Northern Punjab and KP 9,337 6,706 71.8%

Sindh and Southern Punjab 11,536 4,271 37.0%

Regions without Sentinel-2 Imagery 
(Google Maps Static API only) — 301 —

Total 20,873 11,277 54.0%

Table 2.  Performance of Random Forest Model in Identifying Brick Kiln Points Across Different Regions and 
Subsequent YOLO Detection Results.
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as Random Forest. Our kiln type identification pipeline was ran on two types of regions: (a) 20,873 locations iden-
tified by our Random Forest model and (b) the region where Sentinel-2 imagery was unavailable (Supplement 
Figure S2).

Phase Two: YOLO for High-Resolution Imagery.  In this phase of the pipeline, we used high-resolution 
satellite imagery and YOLO to enhance the detection of brick kiln points identified in low-resolution imagery by 
the Random Forest classifier.

Data Collection and Annotation for YOLO.  We extracted high-resolution imagery through the Google Maps 
Static API Map data ©2024 Google. (https://developers.google.com/maps/documentation/maps-static), using a 
zoom level of 17 and a scale of 2, which produced images with dimensions of 1280 × 1280 pixels. The scale factor 
effectively doubled the resolution from the default 640 × 640 pixels, providing a greater level of detail. For these 

Fig. 3  (a) The figure outlines the process of brick kiln detection in the Indus-Gangetic Plain using Sentinel-2 
imagery. A 1 × 1 grid of the region is extracted, RGB bands are flattened into feature vectors, and a Random 
Forest classifier generates a mask identifying brick kiln locations. (b) The figure shows the visual representation 
of the steps involved in post-processing pipeline to accurately geolocate brick kilns in the image. (c) The figure 
illustrates the process of using the YOLOv8 model to detect brick kilns from Google Maps imagery, resulting in 
bounding boxes on the input image.
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high-resolution images, the annotation process was straightforward. We annotated approximately 375 FCBK 
brick kilns and 295 ZigZag brick kilns using bounding boxes. While Oriented Bounding Boxes (OBBs) generally 
provide a more precise representation of an object’s shape and orientation37, we opted for standard bounding 
boxes to streamline geolocation. Since our objective was to obtain only a single central coordinate per kiln, the 
added computational expense of OBBs was unnecessary, making regular bounding boxes a more efficient choice.

Training Setup.  The YOLOv8n38 model was trained using a dataset split into 80% for training, 10% for valida-
tion, and 10% for testing, ensuring robust evaluation and fine-tuning throughout the process. The model was 
trained for 250 epochs, with a batch size of 8 and an image resolution set to 1280 × 1280. Early stopping was 
applied with patience of 100 epochs, and the model checkpoint from epoch 114 was selected due to no further 
performance improvement after this point. The training utilized an initial learning rate (lr0) of 0.01 with a learn-
ing rate decay factor (lrf) of 0.01. The optimizer was set to auto, with a momentum value of 0.937 and a weight 
decay of 0.0005. A warmup period of 3 epochs was employed, with a warmup momentum of 0.8 and a warmup 
bias learning rate of 0.1. Data augmentation techniques included RandAugment with a probability of erasing set 
to 0.4, translation at 0.1, and scaling at 0.5. The mosaic augmentation was activated with a factor of 1.0, and hori-
zontal flipping was applied with a probability of 0.5. Other transformations, such as rotation (degrees) and shear, 
were kept at 0.0. Non-maximum suppression (NMS) was configured with an IoU threshold of 0.7, and the maxi-
mum number of detections per image was capped at 10. The model used overlap masks with a ratio of 4 and was 
trained with 8 workers. Automatic Mixed Precision (AMP) was enabled to optimize computational efficiency.

The YOLO object detection model was trained using High-Resolution satellite imagery. The training yielded 
strong results, with a mean Average Precision (mAP) at 50% Intersection over Union (IoU) reaching 95%, and 
mAP at 95% IoU reaching 52%. The normalised confusion matrix in Fig. 4 illustrates the model’s classification 
performance across the three classes on the test dataset: FCBK, ZigZag, and background. A high-level view of 
obtaining class and bounding box predictions is shown in Fig. 3(c).

Inference.  For the YOLO pipeline, inferencing was conducted on two key areas: the 20,873 points identified 
by our Random Forest model and regions where Sentinel-2 data was unavailable. Among the 20,873 identified 
points, some were located in close proximity, raising the risk of overlapping brick kiln detections. To mitigate 
this, we used a zoom level of 17, where each image covers an area of 0.45 km2. We grouped coordinates within 
a 0.45 km2 radius, downloading a single image per group to minimize redundancy and optimize data man-
agement. This grouping approach effectively reduced double counting and minimized the volume of imagery 
required, while addressing the high false positive rate observed in this region. Additionally, if a kiln appeared 
split across two contiguous images as shown in Fig. 5(a),(b), only one instance was counted by removing points 
within a 12-meter radius of each other. To accurately calculate the geographic coordinates for each detected 
bounding box, we applied a method described in the Supplementary Section I, which maps bounding box 
centers to geographic coordinates (Equations 1–6). This approach ensures precise localization of brick kilns 
within the satellite imagery.

For areas lacking Sentinel-2 coverage, high-resolution imagery was obtained for the entire region to ensure 
comprehensive detection of brick kilns. After the completion of the second phase of the entire pipeline, we 
detected more than 11,000 brick kilns in the region.

The annotations for both our Random Forest and YOLO models were performed by experts familiar with 
satellite imagery and brick kiln detection. To ensure consistency and reduce annotation errors, the annotations 
were cross-validated by different team members. This process helped establish a strong ground truth dataset for 
training and validating our models. Our validation process was designed in two parts: before running inference 

Fig. 4  Normalised Confusion Matrix for YOLOv8n.
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over the entire region and after the full inference was completed. Prior to the large-scale inference, we evaluated 
the performance of our models using precision, recall, and F1 scores across different regions. This pre-inference 
validation was critical for assessing whether the model was adequately trained and performing as expected. As 
the Table 4 indicates, we observed a high number of false positives from the Random Forest Classifier which 
necessitated further refinement through the post-processing pipeline outlined in the paper. The final results, 
after running both the low-resolution (Sentinel-2 and Random Forest) and high-resolution (YOLOv8) pipelines, 
were manually verified by experts to ensure the accuracy of detected kiln locations.

Downstream analysis.  The proximity metrics (number of schools, hospitals, and population) were computed 
using spatial overlay analysis with publicly available datasets. Amenities data were sourced from OpenStreetMap 
(OSM), while gridded population estimates were obtained from the LandScan Global 2023 dataset. A 1 km cir-
cular buffer was used around each kiln to calculate proximity metrics.

For emission estimates, the data record includes pollutants such as PM10, PM2.5, SOx, and NOx for each brick 
kiln site. These emissions were calculated using a bottom-up approach based on production data and stand-
ardised emission factors, accounting for operational days and the types of fuel used during kiln operations. See 
Supplementary Section II for more details. It is expressed in kilograms per day, providing insight into potential 
daily pollutant emissions for each site. These measures are helpful in the assessment of the number of people 
potentially impacted by emissions and can be crucial for developing targeted regulatory or mitigation strategies. 
Additionally, each kiln in the dataset is categorized by its operational type: FCBK and ZigZag as shown in the 
Fig. 6(b). This classification is essential as different kiln types have varying fuel efficiencies and emission profiles. 
Zigzag kilns, for example, are generally more fuel-efficient and emit fewer pollutants than traditional kilns. This 
attribute enables comparative analysis across kiln types to assess the environmental impact and will assist regu-
latory bodies in identifying kilns that may benefit from technological upgrades.

Data Records
The dataset41, available at Zenodo Data Records (reference: 14038648), is provided in three formats: CSV, 
shapefile (.shp), and GeoJSON (.geojson), facilitating spatial analysis workflows. It contains geospatial and 
contextual attributes for each brick kiln site, including location coordinates (WGS84 CRS), emission estimates  
(g/kg of bricks produced), kiln type, and proximity to sensitive sites such as schools, hospitals, and populated 
areas (Table 5). The dataset41 captures critical information related to brick kiln emissions and associated risks 
to nearby populations, with detailed profiling by country, district, and proximity analysis within a 1 km radius 
(Fig. 6a,c). For clarity, a sample data entry along with descriptions of each column is provided in Table 5.

Technical Validation
To assess the completeness and reliability of our dataset, we compared it against reported brick kiln numbers. 
The estimated reported kilns in the ‘brick belt’ of India, Pakistan, and Bangldesh is 55,387; out of which around 
11,000 are in Pakistan39.

Fig. 5  (a) and (b) represent two adjacent image tiles where the same kiln is partially visible in both.

Region Recall Precision

Southern Punjab 0.90 0.65

Sindh 0.88 0.60

Northern Punjab 0.99 0.78

KP 0.95 0.74

Table 4.  Region-wise Precision and Recall for Brick Kilns on Test Dataset Using Random Forest Classifier.
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As outlined in Table 2, the trained YOLO model successfully detected approximately 11,277 brick kilns. Of 
these, 6,706 were located in Northern Punjab and Khyber Pakhtunkhwa (KP), while 4,271 were detected in Sindh 
and Southern Punjab. These findings align with our initial hypothesis regarding the performance of the Random 
Forest classifier. In Northern Punjab and KP, where the Random Forest Classifier identified 9,337 points,  
6,706 were confirmed to be brick kilns, indicating strong performance in these regions. Conversely, the model 
showed moderate performance in Sindh and Southern Punjab, with 4,271 brick kilns detected out of 11,536 
points. Due to the effectiveness of the initial post-processing pipeline explained earlier, we downloaded a total of 
60,000 high-resolution images for analysis including the regions where Sentinel-2 data was unavailable reducing 
the costs associated with the high-resolution imagery.

For emissions estimates, we validated by comparing our bottom-up approach results with previous studies on 
brick kiln emissions in similar regions40. The proximity of schools, hospitals, and populated areas within 1 km 

Fig. 6  Overview of brick kiln distribution, types, and proximity to sensitive areas within IGP-Pakistan.  
(a) Distribution of brick kiln density across IGP-Pakistan, highlighting areas with high kiln concentrations and 
potential pollution hotspots. (b) Classification of kiln types (FCBK and zigzag) showing regional differences 
in kiln technology. (c) Percentage of schools, hospitals, and population density within 1 km of kilns, indicating 
exposure risks for nearby communities.

Column Example Value Description

id BKP-1 Unique identifier for the kiln site

lat 26.133092 Latitude (decimal degrees)

lon 68.565789 Longitude (decimal degrees)

state Sindh Administrative region of kiln

type FCBK Kiln classification (ZigZag or FCBK)

schools1km 0 Schools within 1 km radius

hosp1km 0 Hospitals within 1 km radius

pop1km 1274 Estimated population within 1 km

Table 5.  Example row from the dataset with variable descriptions.
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of each kiln was assessed using the kiln points identified in our findings, combined with OpenStreetMap (OSM) 
data and (GIS) techniques.

Usage Notes
Users can access and download these files through our Zenodo Data Records41 for integration into GIS and data 
analysis software, such as QGIS, ArcGIS, or R/Python. For further details on attribute descriptions, units, and 
abbreviations, please refer to the supplementary document S1. Researchers can utilize the csv, shapefile, or geo-
json as they prefer, to analyze spatial distributions, pollutant estimates, and proximity risks. Users can conduct 
spatial queries, overlay additional environmental layers, and perform risk assessment modeling. For accurate 
and up-to-date demographic data, users may cross-reference with local census or updated OSM data, especially 
for studies involving dynamic population or infrastructure changes.

Code availability
The code notebook including model weights for production of this dataset are open-source and available at the 
APAD repository on Github. For the low-resolution pipeline, we used Google Earth Engine’s Python-based API 
to download GeoTIFF files from Sentinel-2 imagery. Rasterio was employed for geospatial data handling, Scikit-
learn library in Python was used to train the Random Forest Classifier, and Python OpenCV was used for post-
processing steps such as noise removal and clustering of detected brick kilns. For the high-resolution pipeline, 
we used Ultralytics’ Python API to handle the training and inferencing of the YOLOv8 model. High-resolution 
imagery from Google Maps Static API was processed to improve detection accuracy.
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