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Developing countries are home to the most polluted cities in the world. Particulate Matter (PM), one of the most serious air pollutants,
needs to be measured at scale across urban areas in such countries. Factors potentially affecting PM like road traffic, green cover,
industrial emissions etc., also need to be quantified, to enable fine-grained correlation analyses among PM and its causes. This paper
presents an IoT platform with multiple sensors, latest deep neural network based edge-computing, local storage and communication
support – to measure PM and its associated factors. Through real world deployments, the first in depth empirical analysis of a
government enforced traffic control policy for pollution control, is presented as a use case of our IoT platform. We demonstrate the
potential of IoT and edge computing in urban sustainability questions in this paper, especially in a developing region context. At the
same time, we show how complex a real system like Particulate Matter’s factor analyses can be, and urge environmentalists to use
sensors networks and fine-grained empirical datasets as ours in future, for more nuanced and data-driven policy discussions.
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1 INTRODUCTION

Air pollution is a serious cause of concern for modern civilization, specifically in the big cities of developing countries.
It has reached life-threatening levels in Delhi-NCR, one of the largest and most densely populated urban centers in the
world. In this paper, we use Delhi-NCR as a use case for scalable PM measurement and PM related policy analyses. This
city is an interesting use case for PM related policy debates. Below are some examples of the policy questions discussed
in the urban area, where empirical data would assist more quantitative decision making.
Green cover vs. pollution: While economic growth requires more infrastructure to be built, whether that should
come at the cost of felling more trees is constantly debated. Earlier, citizens were not so conscious about the relation
between green cover and air pollution, and as a result “One tree (has been) cut every hour over last 13 years, says
Delhi govt data”, according to news reports [46]. However, recent government notices on tree felling for housing
development projects [14, 45] have been met with tremendous citizen resistance [15, 39], finally causing the government
to back off [32]. Data driven analyses can assist in quantitative decisions, balancing environmental requirements with
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sustainable infrastructure needs. Such analyses will help in mobilizing data-driven citizen resistance movements, when
necessary, and aid the government in pushing through a sustainable development project, where suitable. Section 2.3
presents how to quantify PM, percentage of green cover and built-area of different regions through direct measurements,
while the exploration of the relation between PM and these factors are done in Section 3.1.
Vehicle count vs. pollution: The Delhi government piloted an odd-even policy to reduce the number of vehicles and
associated vehicular emissions between 01-15 Jan, 15-30 April 2016, and November 4-15, 2019. Four-wheelers with
odd and even-numbered plates were allowed on alternate days. This was met with angry protests from citizens, citing
that the public transport infrastructure was not ready to take on the burden of the extra commuters [27, 44]. Some
citizens, on the other hand, enthusiastically co-operated [38]. The saddest reality was that, such an important policy
affecting millions of citizens’ daily lives, could not be conclusively evaluated in relation to PM control. Conflicting
studies suggested pollution decreased [13, 43], remained the same [17, 21] and even increased [9, 23]. All studies have
commented on the paucity of measurement data, not only pollution data, but also vehicular count and classification
data [35]. The greatest confusion came regarding whether vehicle counts actually decreased on odd-even policy days,
or in fact increased – people hired vehicles with appropriate number plates, two-wheelers were exempted from the
odd-even policy rule which were used in unprecedented numbers, old buses were used to boost public transport
and so on. Section 3.4 presents an empirical evaluation of the second round of odd-even policy enforcement in Nov
2019 [13, 21, 43]). The effect of vehicle count on PM, along with fine-grained classification of the different vehicle
classes, with and without the policy, has been empirically studied for the first time, with our IoT devices deployed
across real traffic intersections.
Local sources vs. pollution: Pollution is exacerbated from local sources like industrial emissions, agricultural crop
burning, cooking fuels and diesel generators in commercial areas etc.. Policies experience the bloodiest contests when
there are dire economic consequences of shutting down such local pollution sources. Fierce retaliations have been
staged by thousands of workers, who lost livelihood in industrial shutdown or relocation in Delhi-NCR in 1996 and
2001 [10, 16, 26]. Similar violent resistance have been seen among farmers, who burn their crop stubble in Punjab and
Haryana, neighboring states of Delhi, adding to PM concentration in Delhi-NCR. The economic cost of environmental
friendly stubble disposal techniques are still beyond most farmers, according to the protesters, and the fines imposed on
them for crop burning increase their existing burden of financial debts [11, 12, 25, 34, 40]. There is no clear evidence of
the environmental benefits obtained through such policies, which have extreme economic repercussions on the larger
sections of society. Hence, empirical measurements of PM data in the urban industrial and agricultural border areas are
needed. This paper does not directly study these local sources at city scale. But it presents an IoT platform in Section 2.1 that

uses the recent promise of well-calibrated low cost PM sensors [8, 19, 28, 36, 52]. It is augmented with other sensors to collect

auxiliary information for PM policy analysis. This platform and our methodology can be used, in future, for more extensive

data collection of PM and its local sources. In this paper, we show a case study by deploying 26 instruments at different

locations in a university campus, and 3 instruments at traffic intersections.

Existing literature on air pollution and factor analyses [31, 41, 42, 48, 50] show different air pollutants such as
PM,NOx, SOx, Ox and black carbon have different correlation with different meteorological factors for a given area. Li
et al [29] shows in their research that major influencing factor for pollution changes with the study area. As a result,
factor analysis for pollution conducted for one study area, such as Beijing and other cities in China in prior works,
might not be valid for Delhi-NCR. Furthermore, prior studies collect data from a limited number of monitoring stations
or EBAM units [41, 48, 50], which are already deployed and available in an urban area. Deploying new monitoring
stations for the purpose of particular policy analyses might be prohibitively costly. Recent trends on using low cost
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Work Area Cost Measured Parameters Remarks/Focus
Tiwari et al [48] Delhi High Black Carbon, Seasonal variation and correlation

Particulate Matter
Srinivas et al. [41] Delhi High Paticulate Matter Air quality forecast
Yadav et al [50] Udaipur High $ 3,CO,NOx Seasonal variation

Opensense [7, 30] Zurich Medium $ 3,UFP Calibration error reduction
Gao et al. [19] Xi'an Low Particulate Matter Identify PM2.5 hotspot

Meteorological parameters
Budde et al [3, 4] - Low Particulate Matter Calibration and sensor fusion
HazeWatch [24] Sydney Low CO, NOx, Meteorological parameters Data Modeling and visualization

AQ360 [18] Beijing Low Paticulate Matter, AQI recognition using
ImageSensingNet [51] Haze pictures unmaned aerial vehicle (UAV)

This Work Delhi Low Particulate Matter Static and dynamic factor
Meteorological Parameters, measurement and correlation,

Tra�c Density odd-even policy analysis
Table 1. Related work on air pollution sensing

sensors for environmental sensing [3, 4, 30] enables the authors in this paper to deploy additional instruments at

interesting locations like tra�c intersections. This helps in measuring the e�ect of odd-even vehicular control policy on

PM. Depending solely on existing pollution measurement infrastructure, as in prior work [31, 41, 42, 48, 50], would not

have made such dynamic deployment and policy analysis feasible. Furthermore, each IoT unit in this paper is augmented

with other sensors to collect auxiliary information for PM policy analysis � a camera to count and classify road tra�c

to correlate PM with vehicular emissions, GPS to query Google satellite images for green cover information etc. Works

like [7, 30, 52] focus on calibrating the low-cost sensors for real-world deployment. This paper builds on the promise

of the prior work on low-cost sensing. Table 1 summarizes the relevant projects conducted on the environmental

monitoring. Despite the fact that these projects replicate e�orts of the air pollution monitoring, we believe they are all

worthy endeavours since they investigate diverse deployment options for di�erent pollutants in di�erent parts of the

world.

Contributions: To summarize, this paper contributes the following:

� We build a low-cost platform that uses the recent promise of well-calibrated low-cost PM sensors for air pollution

sensing and auxiliary sensors like a camera for PM policy analyses.

� We investigate ways to classify the percentage of green cover and built-area in various places, as well as the

relationship between PM and these variables.

� We perform correlation analysis of static and dynamic factors with particulate matter.

� We empirically study the e�ects of vehicle count on PM, along with the �ne-grained classi�cation of the di�erent

vehicle classes, with and without the odd-even policy.

RoadMap: In Section 2, we �rst describe the sensor requirements and then the design considerations of our

customized platform. Next, we describe the method for classifying the green cover, built-up, residential and commercial

area. In Section 3, we correlate PM with multiple static and dynamic factors. Finally, we conclude the paper in Section 4

and discuss the future directions.
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2 PARTICULATE MATTER AND AUXILIARY DATASETS COLLECTION AND PRE-PROCESSING

2.1 Customized Hardware Platform Design, Prototyping and Deployment

For deployment based empirical analysis of Particulate Matter (PM) and factors a�ecting PM, we design and prototype

our custom device. This instrument contains the following sensors.

Fig. 1. Low Cost sensor's PM 2.5 values on the le� vs. a co-located TSI DustTrak's PM 2.5 values on the right, on a sample day. While
their costs are 30 USD and 10K USD respectively, i.e. an order of magnitude di�erent, their measured PM values are almost identical.

(1) Low-cost, embedded PM sensor, as measuring PM is the main goal. We have computed the similarity between

the low-cost PM 2.5 sensors (30 USD) and the industry grade TSI DustTrak (10K USD) for some random days. We

have observed that the low-cost PM 2.5 and DustTrak have a similar distribution. Figure 1 shows the boxplot as

an example of the similarity between the two instruments for a sample day.

(2) Temperature and humidity sensors are included for appropriate calibration of the PM values measured with the

embedded sensors, against industry grade reference monitors. They can also be used for meterological factor

correlation analysis.

(3) We have included GPS to know the location of the device in a scalable deployment. As for now, we have considered

only the static deployment case and therefore, we know the GPS value of the deployed unit. However, in future,

we plan to use our device for vehicular-based sensing, and hence GPS sensors are included in the prototype.

GPS coordinates are also important for crawling other web data sources for o�ine analysis. O�ine analysis

can include measurement of green cover using Google satellite images, or measurement of urban composition

(industry or shopping areas or residential complexes) by using Google Places.

(4) We have included a camera to take tra�c images in the region of sensor deployment. The images can be used to

compute vehicle counts and classi�cations in the device neighborhood.

Table 2 summarizes the sensors and their purposes. For communication between the deployed sensors and the

backend server, cellular connectivity is the only viable option in a developing region. To reduce cellular communication

costs, edge-computing on the device is exploited. The sensor data is processed locally, and the high level inferences are

communicated to the back-end server.
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To collect PM data, we deployed these instruments at di�erent locations in a university campus, since Dec 2018.

We also deployed the units at several tra�c intersections in Delhi-NCR. We will discuss the data based empirical

observations, in relation to road tra�c densities, in Section 3.

Fig. 2. Hardware platform first prototype, which was discarded
for looking too a�ractive tempting the� at deployment sites.

Sensor Purpose

PM PM 2.5 and PM 10 counts

BME temperature and relative humidity to correct PM

GPS mounting vehicle location, air quality

factor correlation

Camera vehicle count and classi�cation

in area of static deployment

Table 2. Sensors and their uses in our custom device

Fig. 3. Hardware platform second prototype showing the sensors, micro-controller, our custom PCB etc., inside ABS plastic boxes.

Fig. 4. Hardware platform second prototype multiple units. These were deployed in university campus, at tra�ic intersections etc.
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2.2 Design Considerations

To summarize, following are some of the challenges that need to be addressed while doing a scalable sensing.

Packaging: The packaging of the IoT unit changes based on where it is mounted, and the available �xtures. Our �rst

prototype is shown in Figure 2. As the device looked glossy and expensive, there were concerns raised about theft by

the deployment partners. Thus, we repackaged the device in a mundane looking ABS plastic box (second prototype

shown in Figure 3 and Figure 4).

Calibration: Although we have seen a large similarity between our low-cost PM sensor and TSI DustTrack, we need

to re-calibrate the sensor periodically for a consistent performance. Methods presented in [4, 52] can be applied to

re-calibrate the PM sensors.

Local Processing: Edge computing on the device is used to cut communication expenses. Instead of sending the raw

sensors data, the data are processed locally, and high-level inferences are sent to a back-end server. The IoT device

stores one PM value, one GPS value, one BME value, one image. The device sends the raw PM, GPS, and BME value to

the server. However, instead of sending the raw images, the device sends the vehicle count and classi�cation results to

the server. This reduces the communication cost. In such scenario, we need to balance the communication cost and

computation cost.

Power consumption: Our device is not battery powered. As for long term operation, charging batteries will not be

sustainable. We tested the device at 5V constant supply for several hours. Peak current was 1.2-1.5A, and hence the

power remains within the 10 Watts.

Heating: The other important factor to consider for scaling up deployment is heating of the device from data processing,

and possibilities of self-throttling. The average CPU usage, memory usage and SoC temperature are 50%, 11% and 55� C

respectively, as measured with Linux command line utilities, for prolonged running of the software for the device. The

temperature range is safe as the device self-throttles at 85� C.

In our deployments, we do not see any heating, self-throttling and related rebooting issues. The only reason where a

device rebooted was a power supply interruption. However, the sense-compute-store-communicate loop automatically

started once the power was restored. The intended behavior for these units is to remain operational as long as the

mounting infrastructure is on and unit gets power.

2.3 Green Cover and Builtup Area Detection Using Satellite Image Processing With Neural Nets

Green cover regions and built-up regions are important spatial features that can be extracted from satellite images.

We use ArcGIS's WorldImagery API to collect the satellite images of Delhi. We divide the whole area of Delhi into

500m x 500m square grid. Using the WorldImagery API, we download the image corresponding to each grid cell with

appropriate location coordinates. The images have a resolution of 1m, i.e. distance between two pixels is approximately

1m on the ground. In total, we collected 9948 images for the city of Delhi.

To �nd out the percentage of green cover and builtup regions in any given area, we use image segmentation algorithms

which classify each pixel in an image to a particular class. Deep Learning models are currently the state of the art

for image segmentation tasks. Hence, we experiment with three di�erent deep learning models: Mask-RCNN [20],

Deeplab [6] and UNET [37] to calculate the percentage of green cover and builtup regions for an image accurately.

We �rst preprocess the satellite images and annotate them for preparing the ground truth images. These images are

then given as input to the deep learning models for achieving the task. We use an open source tool, namely, VGG

image annotator (VIA) [1], to manually annotate the images with ground truth classes for the segmentation task. It
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allows creating polygons that can enclose the green cover area and buildings which can be of any shape and size. After

annotations, VIA tool generated a json �le having all the annotations. This json �le is then processed to generate masks

as per di�erent segmentation model requirements.

For segmentation task, we �rst examine Mask-RCNN model [20]. Mask-RCNN performs instance segmentation in

images by �rst performing object detection and �xing the bounding box around all objects of di�erent classes. It then

performs segmentation inside the bounding boxes to classify all the pixels of that object.

We next examine DeeplabV3+ [6], developed by Google, which has achieved 86.9 mIOU on PASCAL VOC 2012

benchmark. It has also been successfully used in segmentation of satellite images. UNET is the third image segmentation

model [37] examined by us. This is a binary classi�cation model i.e it can be used to classify two classes. As the number

of classes in our problem are three (including background class), we train three di�erent models for classifying the

classes pairwise and then calculate the mean IOU by averaging the results of the three models on each image.

For Mask-RCNN, labeled images are divided into a train-test split of 400 and 50 images. For semantic segmentation

using DeepLab and UNET, 350 images are used for training, 50 images for validation and 50 images for testing. The

accuracy results are given in Table 3. We observe that Mask-RCNN has very poor accuracies. This is further visually

illustrated in Fig 5. Mask-RCNN does instance segmentation in which di�erent instances of a particular class are treated

as individual objects. As a result, the model tries to learn the di�erent shapes, sizes, symmetries and other complex

features about the object and for that large amount of data must be trained for achieving good accuracies. However,

in semantic segmentation only the characteristics of the pixels are learnt to classify them. Both DeepLab and UNET

perform semantic segmentation, and achieve reasonable accuracies (Table 3). UNET can be trained in much less time

than DeepLab, and therefore has been used in further analyses. UNET's precise masks are visually illustrated in Figure 6.

Model Training Validation Test
Number of Images MAP Score Number of Images mIOU Number of Images mIOU

Mask-RCNN 400 0.24 - - 50 0.21
DeepLab 350 0.75 50 0.68 50 0.67

UNet 350 0.73 50 0.70 50 0.69
Table 3. Accuracies obtained using di�erent image segmentation models

(a) Original Image (b) Predicted Image

Fig. 5. Segmentation results of Mask-RCNN model, showing very imprecise masks.
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