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Abstract:

Air Pollution is a foremost health concern in megacities such as Delhi, where fine particulate matter (PM.s) levels
every so often exceed international safety guidelines. While air quality indices offer a general idea of air quality
levels, these do not account for differences in individual exposure levels due to localized factors such as
congestion levels. Therefore, this study focuses on a innovative exposure-oriented air quality index which is based
on Urban Health Risk Index (UHRI), that basically is an amalgamation of high-resolution PM..s forecasting along
with congestion-driven exposure augmentation factors. To develop this framework, hourly CPCB data and high-
resolution traffic queue density data were processed to develop time-aware autoregressive/rolling features using
gradient boosting techniques such as XGBoost. Strong performance was observed, achieving 13.3 pg/m?® root
mean square error (R? = 0.9966) for PM..s concentration forecasting and 0.0299 units root mean square error (R?
= 0.955) for traffic density prediction. A mechanistic congestion multiplier, accounting for emission
characteristics and street canyon effects, was then used to develop amplification factors between 1.0 and 2.3.
UHRI is developed based on the fusion of pollutant forecasts and congestion multipliers. This allows for the
estimation of health risk in a microenvironment-sensitive manner beyond city-level air quality indicators. The
experimental results demonstrate that even under moderate congestion conditions, health risks due to PM2.5
exposure are substantially increased. Moreover, in severe gridlock conditions, health risks are even increased by
more than double compared to ambient values. The proposed framework is likely to be useful as an understandable
and viable decision support system for health management in cities. Future work may include spatial modeling,
uncertainty analysis, and even intelligent traffic control system incorporation.

Keywords: Air pollution, XGBoost, Urban Health Risk Index (UHRI), Delhi air quality, Microenvironment
exposure, Congestion multiplier, Public-health risk assessment

1. Introduction

Delhi is still grappling with one of the worst air quality issues among large cities across the globe. Profound
observation reveals that the annual mean concentration of PM..s in Delhi is consistently around 121 pg/m?3,
surpassing the domestic standard as well as the WHO norm of 5 pg/m?® by an order of magnitude higher [1].
Delhi’s air is not only hazardous but is one of the principal causes of health issues among its population.
Epidemiological research has estimated that air pollution causes approximately 10,000 excess deaths per year in
Delhi, and this is primarily due to the concentration of fine particulate matter [2].

However, the annual average level of air pollution data specific to the city hides the existence of variability with
respect to time and highlights only the extensive pollution during the winter season. During the winter season,
temperature inversion, wind speed, and stagnant atmosphere cause severe pollution and the Air Quality Index to
touch 400-plus levels during the month of December 2024 [3]. Although a few temporary reductions have been
noticed, like the lowest average Air Quality Index experienced during the monsoon season of July 2025, most of
the reductions are purely of meteorological origins and not that of emission sources [4]. Simultaneously occurring
alongside chronic pollution, congestion in traffic flow conditions has emerged as an important but not well-
characterized amplifying factor of the latter. Delhi was one of the most congested cities in the world in 2023 and
witnessed average speeds of below 25 km/h during the peak period [5]. With rapid Increase in the number of new
car registrations of approximately 650,000 every year, the emission contribution from the transport sector,
identified as an important source of urban PM:.s concentrations, continues to escalate [6]. It must be noted that
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the impact of congestion on air quality does not occur on a linear scale; rather, conditions of start-and-stop traffic
accelerate the emission factor, whereas street-canyon configurations restrict the dispersion of pollutants and result
in higher concentrations close to the roads [7]. Nevertheless, despite these dynamics, current air quality index
values represent spatial aggregates of air concentrations, and this is necessarily based on the implicit assumption
of equal exposure. This means that people who are usually exposed for a long time along busy traffic routes can
receive significantly higher doses of inhaled air pollution than what is supposed by air pollution indicators at the
urban level. This discrepancy between air indicators and exposure levels in the micro-environment encourages
the emergence of the Urban Health Risk Index (UHRI), which is an exposure-weighted indicator that combines
projected PM:2.s concentration levels and congestion augmentation factors influenced by air pollution and traffic
congestion as interlocking stressors, instead of their current status as independent variables.

2. Literature Review

Study /
Authors

Table 1: Literature Review

Focus / Topic

Methods & Data

Key Findings / Limitations

1 [8] The impact of ML on | ML de-weathering; | Meteorology has a significant effect on the
meteorology and | weather normalization | trend in PM2.s & PMio. Despite interventions,
PM2.5/PMio in Delhi pollution levels remain high. ML helps
decouple the effects.
2 [9] Statistical ML for | ARIMAX, SARIMAX, | Integration of exogenous variables improves
PM:.s in Delhi RF, SVM forecasts and points to the need for more
advanced models.
3 [10] Data-driven PM..s | Multi-model ML/DL LSTM outperforms other models, while
prediction in Delhi meteorology and emission turn out to be the
key predictors.
4 [11] PMz.s forecasting in | AR, MA, ARIMA Statistical forecast baselines; need for ML in
Delhi & Bengaluru real settings.
5 [12] ML regression for | Regression with | Regression models capture seasonal patterns,
PM..s meteorological inputs enhancing predictive power through ML. PMC
6 [13] The hazards of PM..s | Supervised ML ML detects the PMa.s trend, stresses health
using ML prediction impacts, and suggests explainable Al as future
work.
7 [14] Spatiotemporal model | Graph ConvNet | Spatial, temporal patterns improved; robust
for Delhi AQ extreme value theory across seasons.
8 [15] Long-term PM:z.s | Deep-LSTM Multi-scale forecasts outperform the baselines,
forecasting ~ Delhi- | probabilistic which underlines deep learning's value.
NCR forecasting
9 [16] Study on PM.s & | Sensitivity analysis Local/regional controls needed; supports multi-
ozone sensitivity in factor modeling.
Delhi
10 [17] Transport micro- | Field exposure | On-road PM.s > ambient; supports
environments measurements microenvironment differences.
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11 [18] Exposure to  the | Route measurement The doses while walking/cycling usually
transport exceed those due to ambient.
microenvironment

12 [19] Health risk patterns of | Exposure analysis Health risk-based PM deposition patterns
particulate deposition

13 [20] Traffic emission | Bottom-up emissions Hourly multi-pollutant traffic emissions;
quantification Delhi supports congestion effects.

14 [21] Road transport source | Sector source | Local traffic accounts for ~10-17% of PMa.s;
apportionment apportionment peaks with traffic.

15 [22] Transport exposure & | Sector health modeling | Reduction in the transport sector yields health
mortality links cobenefits.

16 [23] Sources & Trends of | Long-term review Urban growth & vehicle emissions dominate
Pollution in Delhi pollution.

17 [24] Delhi air pollution & | Longitudinal analysis Air pollution shows links to increased
mortality mortality.

18 [25] Traffic & pollutant | Emission dynamics Congestion increases precursor emissions.
formation links

19 [26] Adaptive  pollution | Bi-LSTM for AQ It emphasizes that attention mechanisms
forecasting improve the forecasts.

20 [27] ML forecasting of air | Regression, RF, ANN Various ML methods tried, hybrid gains noted.
pollution in Delhi

21 [28] AQI & current PM2.s | Sensor network High values of hazardous AQI continue; must
in Delhi refer to real-time data.

22 [29] DL fuzzy wavelet | Hybrid NN model Hybrid models show the efficacy of nonlinear
forecasting series.

23 [30] Vehicular emissions | Policy sources analysis | Vehicular emission key driver, especially
dominate Delhi's air daily.
pollution

24 [31] ML forecast review - | Regression/ML survey | Reinforces ML progress but calls integration
Delhi zone with exposure.

25 [32] Extreme GNN Highlight the importance of explainability and
Spatiotemporal  and spatial patterns.
explainable models

The above literature review suggests that the state-of-the-art for PM2.5 forecasting in Delhi has moved from
traditional statistical models to advanced ML and DL models, such as LSTM, hybrid ML-DL, and spatiotemporal
graph networks, and it has achieved better performance by using meteorology, time, and geographical
considerations, with current research focusing on the integration of real-time data and interpretability. Most air
quality forecasts undertaken so far are for ambient concentrations, not exposure.

Complementary analyses of traffic, exposure, and health effects indicate that congestion significantly enhances
the concentration of PM.z.s, which typically surpasses the urban average when measured on-road or near-road

conditions. Emission from transport systems was identified as one of the significant sources of the health risk
caused by the air quality in Delhi. This finding was contrary to the current health indexes, such as AQI, and hence
the need for an explainable health risk measure like UHRII that considers congestion adjustments.
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Year-wise Publications on Delhi Air Pollution and ML/AI Research
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Figurel: Year wise publication on Delhi Air Pollution and MI/AI Research

The graph above shows the trend of research publications oriented toward Delhi air pollution and the use of ML
and Al approaches over the years. The graph clearly depicts that there has been steady growth in research
publications with intensity being witnessed since 2015, but there has been a sharp rise in publications since 2019,
which clearly depicts growing research interests in models for prediction, traffic, and interaction models for
pollution, as well as use cases for Explainable Al models.

3. Research Gap And Objectives

a) Lack of Metrics for Human Exposure: Though a large number of research works predict the
concentration of ambient PM2.s by using statistical and ML/DL algorithms, the outcome is not measured by the
exposure metric, especially for microenvironments, such as areas around congested traffic, by AQI or similar
standards. The AQI metric has been aggregated on a geographical scale and does not measure the increased risk
for the individual exposure level.

b) Integrated Framework for Traffic and Pollution Dynamics: Even in transport, which has emerged as
a contributing factor in the pollution in the capital, the models used for forecasting do not incorporate pollution
and transport dynamics together. Integrated frameworks are absent for incorporating the transport congestion,
emission, and pollution dynamics in the cities.

c) Lack of Adequate Application of Explainable AI Solutions: Although Advanced ML and Deep-
Learning Models increase the accuracy of forecasts regarding PMz.s concentration in the atmosphere, they are
essentially black boxes and lack efficacy in terms of interpretation as an effective means to make critical decisions
regarding health risks. A gap exists regarding the proper application of Explainable Al solutions to create accurate
health risk indices despite traffic congestion.

d)
4. Methodology
4.1. Description

We used two synchronized datasets for Delhi: air-quality data from CPCB with 18,776 hourly records across nine
pollutants (CO, NO, NO2, Os, SOz, PM2.5, PM1o, NH3), and high-frequency traffic queue data from six roadside
cameras, averaged as AvgQueueDensity and normalized to [0,1]. Time-aware preprocessing aligned timestamps,
removed duplicates, and forward-filled minor gaps in pollutants, while traffic data had no missing values. Features
included PMa.s lags (1,2,3,24 h), traffic lags (5s,15s,30s), short- and long-window rolling means (3h,24h), and
temporal covariates (hour, day-of-week, weekend) to capture seasonality and short-term persistence for both
offline training and online prediction.
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EpochTime QueueDensity! StopDensity! QueueDensity2 StopDensity2 QueueDensity3 StopDensity3 QueueDensity4 StopDensity:

0 1601429400 0.659360 0.6338%6 0.159140 0.154202 0.092089 0.061714 0.101130 0.09056!

1 1601429401 0670859 0598832 0.159121 0.152003 0050915 0.042297 0.101641 0.09622"
2 1601429402 0667614 0.522409 0.154927 0.135835 0.045972 0.035337 0.099729 0.08654
3 1601429403 0.668366 0.492683 0.160855 0.156014 0.069805 0.046238 0.101725 0.09798

4 1601429404 0.671207 0632485 0.160698 0.136109 0.096888 0.052122 0.099992 0.09689

Figure 2: Traffic congestion dataset

date co no no2 o3 so2 pm2_5 pmle Y

8 2820-11-25 ©1:99:98 2616.388 2.18 7a.e8 13.59 38.62 364.61 411.73
1 2020-11-25 ©82:08:08 3631.59 23.25 89.11 9.33 54.36 420.96 486.21
2 2820-11-25 ©3:08:00 4539.49 52.75 100.08 1.11 68.67 463.68 541.95
3 2820-11-25 ©4:08:08 4539.49 50.96 111.04 6.44 78.200 454.81 534.00
4 2020-11-25 ©5:09:00 4379.27 42.92 117.%6 17.17 87.74 448.14 529.19

nh3
@ 2B.63
1 41.84
2 49.14
3 48.13
4 4e6.61

Figure 3: Air Quality dataset
4.2. Feature Engineering

To account for temporal dependence in air quality, we generated both lagged predictors and rolling statistics. For
each pollutant variable xt (in particular PM2.s), lagged inputs were defined as :

Xt —k=x(t=k), k €{1,2,3,24) et (D)

where k denotes the lag in hours. In parallel, rolling averages were computed to capture persistence and diurnal
cycles:

RollMeanh(t) =1/hY. xt—i , h€{3,24} e (2)

Thus, the feature vector for the air model combined calendar covariates (hour,day of week,month) with both
lagged and rolling features, alongside co-pollutants (CO, NO, NO2, Os, SOz, PMio, NHs). The traffic model
required a different representation. These densities from six data feeds were first combined:

AvgQueueDensity(t)=1/6 0j(t) e (3)

where Qj(t) is the queue density in the j lane at time t. The resulting aggregate was then normalized over the range
[0,1]. The performance of the model using only calendar features (hour,is_weekend) was still not satisfactory
(R2~0.32,RMSE~0.117). However, the introduction of short-term lags,

LagA(t) = AvgQueueDensity(t—4) , A € {55,155,30s} ............(4)
produced a marked improvement: the tuned XGBoost model achieved R2~0.96 with RMSE~0.0299
4.3. Modeling

In our study both PM2.5 and the traffic predictions were gathered using the XGBoost algorithm with the goal of
performing regression. The selection was not fundamental, but it provided the best middle ground between
efficiency, interpretability, and strength of the resulting model that we were able to discover due to the nature of
data which is tabular in nature. Although deep neural networks or support vector regression were used in the
previous studies, we believe that the nonlinear capabilities of the model, along with the regularization provided
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by the algorithm, were more appropriate for the task at hand. The data was split, with the first 80 percent being
used for the training process and the remainder used for testing. Although this was done in the context of the
problem at hand, it is worth noting that it is the way the data is actually forecasted in the real world; at the same
time, it is the way the models were forced to deal with completely unknown time intervals. The performance of
the model was compared with linear regression and random forest regressor; it was found that the XGBoost was
indeed stronger in each case.

Table 2. XGBoost Model Configurations and Performance

Model Hyperparameters Test RMSE Test MAE R?
PMo:.s n_estimators = 1000; | 13.3 pg/m? 8.7 pg/m? 0.9966
max_depth = 5;

learning_rate = 0.05

Traffic n_estimators = 100; | 0.0299 0.0226 0.955
max_depth = 5;
learning_rate = 0.05;

subsample = 0.7

4.4. UHRI Computation:

The Urban Health Risk Index (UHRI) is computed by combining the results of predicted concentration of PM2.5
and the state of congestion. This was governed by bearing in mind the principle that the health effect of a particular
concentration of pollutants will contrast contingent on the environment. For example, a concentration of 150
pg/m? in a free flow situation will be less dangerous than the same concentration in a congestion situation. This
was attained by mapping the forecasts for the state of congestion to a scaling factor called the congestion
multipliers. These factors point to the consequence of congestion on the exposure to pollutants by considering
factors such as increased emission in stop-start driving and the effect of congestion on the dilution of pollutants.
These factors were mapped to the state of congestion as follows:

1. Almost zero queues or Free flow: multiplier ~ 1.0

2. Medium congestion: multiplier ~ 1.3—-1.7

3. Heavy congestion: multiplier = 2.0+

4. Very High congestion (gridlock): multiplier capped at = 2.3
The UHRI is computed as:

UHRI(t) = C"PM2.5(t) x Mtraffic(t)
where C"PM2.5(t) is the calculated concentration of PMo..s at time t, and Mtraffic(t) is the congestion multiplier.

° If C"PM2.5=300 pg/m3 and congestion is severe (Mtraffic=2.3), then:
UHRI=300%2.3=690

. The resulting value is not just a scaled pollutant concentration but an exposure-weighted index, signalling
the realistic risk a commuter or roadside resident would face.

https://ijapt.org 3215



International Journal of Economic Practices and Theories (IJEPT)

ISSN: 2247-7225
Volume 2026, Issue 1

S. System Diagram

Explainable Al Framework for Congestion-Adjusted Urban Health Risk Index Indicator (UHRI) Assessment

Air Quality Data

CPCB Sensors
18,776 Hours Data

CO, NO, NO,, 05, SO,, PM, 5, PM,,, NH,

Traffic Data — ( =
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Roadside Cameras T |
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Figure 4: System Diagram

The system architecture below shows the end-to-end flow of the proposed Explainable AI-Urban Health Risk
Index framework. Two data flows—the hourly air quality data from the CPCB and high-frequency traffic queue
density data from roadside cameras—are taken as inputs to the proposed framework. After applying time-aware
preprocessing and feature engineering steps to these data streams, they are separately modeled using the XGBoost
algorithm to estimate the concentration of PMz.s and traffic congestion levels. The traffic state outputs are then
converted to empirically defined congestion multipliers that define exposure amplifications as a function of the
congestion states. The UHRI value is then estimated by multiplying the predicted concentration of PM..s with its

defined congestion multiplier.

6. Results
Figure 5: PM..s — Forecast vs Actual (first 500 hours of test set)

PM2.5 Forecast vs Actual (First 500 hours of Test Set)
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Figure 5 displays the time-series fit of the XGBoost PM:.s model on a representative window of the hold-out set.
The model tracks both baseline and extreme events: major peaks are captured in timing and amplitude, and short-
term variability is closely followed across most intervals. Few phase offsets and under/over-shoots are visible at
some peaks which is a very common scenario when a model balances bias and variance across episodic extremes.
But the result graphs shows that the numerical error comes out to be low and hence this demonstrates the model’s
ability to generate both diurnal structure and episodic pollution episodes.

XGBoost Training and Validation Loss for AQI Model

——— Train Loss
| Validation Loss

150 1

RMSE (ug/m?)

100 \

0 100 200 300 400 500 600 700
Boosting Round (n_estimators)

Figure 6: XGBoost training and validation loss for AQI model.

In Figure 6, the RMSE (in pg/m?) values are plotted against the boosting rounds for the XGBoost regressor. As
seen in the figure, the loss curve drops sharply in the initial stages and levels off. This confirms that the overfitting
was not seen in the model due to the chosen hyperparameters and it also consolidates that early stopping helps in
saving time on training without affecting performance. Furthermore, the shape of the curves in the figure also
suggests that the accuracy was maximized within the first few hundred epochs.

Actual vs. Predicted Traffic Density (First 2 Hours of Test Set)

—— Actual Traffic Density
——- Predicted Traffic Density

° °
w 'Y

Average Queue Density

o
N

0.1 I

o 1000 2000 3000 4000 5000 6000 7000
Time Steps (Seconds into the Test Period)

Figure 7: Actual vs. Predicted Traffic Density (first 2 hours of test set).

In the above Figure 7 Actual and Predicted traffic density was shown where over a short prospect window (first
2 hours of the test period). Predictions done by XGBoost model aligns in synchronization with the high-frequency
practical signal with its transients, drifts, and crests. Also, there is very little phase lag in the model. As it can be
seen in Table 2, the model achieves MAE = 0.0226, RMSE = 0.0299, and R? = 0.9554, which is very strong
foundation for the second-level variability at the sub minute scale with the inclusion of lag features (5s/15s/30s).
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This small residual amplitude equated with the range of the observed signal (roughly 0.05-0.55) confirms that

second-level variability is being clarified.

XGBoost Training and Validation Loss

0.14 1

Train
Validation (Test)

RMSE
o
o
®

o 25 50 75 100 125 150 175
Boosting Round (n_estimators)

Figure 8: XGBoost training and validation loss for Traffic Density.

Above Figure 8 demonstrates the relation between the traffic XGBoost model’s error with the consecutive
boosting circles. As it is visible that in initial 50-100 iterations both training and validation RMSE falls sharply
but after which they congregate smoothly. This pattern reconfirms minimal overfitting as the validation loss
closely trails the training loss in whole process, and both stabilize around RMSE = 0.03.

Table 3: Air quality model performance (test set)

Metric

Value

Mean Absolute Error (MAE)

8.7078 pg/m?

Root Mean Squared Error (RMSE)

13.3085 pg/m’

R2

0.9966

Table 3 illustrates the results for the test dataset of the XGBoost model for air quality, and there is very little error
in predicting the values, with a very good fit of the model to the data. The value of R? is very high (0.9966), which
marks that the model predicts both the trends and the extreme points of PMz.s very accurately

Table 4: Traffic Density model performance (test set)

Metric Value
Mean Absolute Error (MAE) 0.0226
Root Mean Squared Error (RMSE) 0.0299
R? 0.9554
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Table 3 represents the performance of the traffic density prediction model on the test data, which clearly indicates
low error values and very good predictive accuracy. The high R-square value (0.9554) further validates the
robustness of this model in identifying the congestion dynamics.

7. CONCLUSION &FUTURE SCOPE

This study set out to address a persistent gap in urban environmental research: the absence of an integrated,
operational measure that links air pollution and traffic congestion to health-relevant exposure. By employing
XGBoost models to predict both PM2.s concentrations and traffic density, and by fusing these predictions into the
Urban Health Risk Index (UHRI), we sought not only to improve forecast accuracy but also to render outputs
interpretable and actionable. The framework demonstrates performance competitive with existing machine-
learning approaches for Delhi, while its true value lies in the design choices that emphasize feature construction,
temporal structure, and explainability.

At the same time, the UHRI illustrates how predictive modeling can be reframed—from an academic exercise in
error minimization to a practical tool for public health decision-making. It suggests a path forward where exposure
indices are contextual, transparent, and suitable for real-time deployment.

Looking ahead, several extensions could strengthen the framework. Incorporating meteorological dispersion data,
satellite imagery, and IoT-based sensing would enhance spatial and temporal resolution. Introducing uncertainty
quantification would allow policymakers to weigh forecasts with greater confidence. Most importantly,
embedding the UHRI within decision-support systems—Ilinked to early-warning protocols and adaptive traffic
management could move it beyond passive prediction toward active risk mitigation.

In sum, the UHRI is not presented as a final solution but as a scalable foundation for real-time urban risk
assessment. By bridging pollutant forecasting with traffic dynamics, it takes a step toward unifying analytics and
governance in the service of healthier city environments.
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