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Abstract

Modelling and forecasting air quality is crucial for effective air pollution management and protecting public
health. Air quality data, characterized by nonlinearity, nonstationarity, and spatio-temporal correlations, often
include extreme pollutant levels in severely polluted cities (e.g. Delhi, the capital of India). This is ignored by
various geometric deep learning models, such as spatio-temporal graph convolutional networks (STGCNs),
which are otherwise effective for spatio-temporal forecasting. This study develops an extreme value theory
(EVT) guided modified STGCN model (E-STGCN) for air pollution data to incorporate extreme behaviour
across pollutant concentrations. E-STGCN combines graph convolutional networks for spatial modelling and
EVT-guided long short-term memory units for temporal sequence learning. Along with spatial and temporal
components, it incorporates a generalized Pareto distribution to capture the extreme behaviour of different
air pollutants and embed this information into the learning process. The proposal is then applied to analyse
air pollution data of 37 monitoring stations across Delhi, India. The forecasting performance for different
test horizons is compared to benchmark forecasters (both temporal and spatio-temporal). It is found that E-
STGCN has consistent performance across all seasons. The robustness of our results has also been
evaluated empirically. Moreover, combined with conformal prediction, E-STGCN can produce probabilistic
prediction intervals.

Keywords: air quality, graph convolutional networks, extreme value modelling, spatio-temporal forecasting

1 Introduction

Rapid industrialization and urbanization have spurred global economic growth but also intensified
environmental issues, with air pollution ranking among the most pressing concerns (Brunekreef &
Holgate, 2002; Shaddick et al., 2020). According to the World Health Organization (WHO), ap-
proximately seven million premature deaths per year are linked to air pollution,’ underscoring
the need for urgent air quality management. Major air pollutants including particulate matters
(PM), nitrogen dioxide (NO;), ozone (O3), sulphur dioxide (SO;), and carbon monoxide (CO),
pose significant risks to cardiovascular and respiratory health (Lelieveld et al., 2015; Olaniyan
etal., 2020). Recognizing this growing threat, the United Nations included air quality improvement
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within the Sustainable Development Goals,” and many countries have adopted National Ambient
Air Quality Standards (NAAQS) to regulate pollution levels. In India, the Central Pollution
Control Board (CPCB) mandates that hourly average concentrations of PM with a diameter of
2.5 um or less (PM; 5) and PM with a diameter of 10 um or less (PMy;) pollutants should not exceed
60 and 100 ug/m?, respectively.® However, observations from 37 monitoring stations across Delhi
from 2019 to 2023* reveal average PM, 5 and PM; levels surpassing 100 and 200 ug/m?, far above
regulatory limits. These concentrations intensify further during winter due to low temperatures and
Delhi’s landlocked geography, which restricts pollutant dispersion, contributing to heightened risks
of respiratory, cardiovascular, and neurological diseases (Salvi et al., 2018). Pandey et al. (2021) fur-
ther highlights that air pollution adversely affects India’s economic growth as well. Given these chal-
lenges, our study aims to develop a spatio-temporal forecasting model to improve air quality
prediction in urban environments. Such models are essential for informing public behaviour and
helping authorities implement timely interventions to mitigate health risks.

Air quality forecasting methods can be broadly classified into two categories: physical models and
data-driven approaches. Physical models, such as community multiscale air quality (Byun & Schere,
2006) and the nested air quality prediction model system (Wang et al., 2014), simulate pollutant
emissions, transport, and dispersion using atmospheric principles. However, they often require ex-
tensive domain expertise, region-specific calibration, and heavy computation, making them less suit-
able for real-time monitoring; simpler models like Gaussian plume and Operational street canyon
formulations also struggle with accuracy due to limited parameterization (Byun & Schere, 2006;
Vardoulakis et al., 2003). In contrast, data-driven methods that leverage historical information to
capture pollution trends have shown some promise (Lei et al., 2019). Thus, traditional statistical
models such as ARIMA (autoregressive integrated moving average) and dynamic factor models
are widely used (Kumar & Jain, 2010), but they cannot fully capture the nonlinear structure of
air quality processes. Deep learning frameworks have addressed these limitations, with long short-
term memory (LSTM) (Li et al., 2017), hybrid convolutional neural networks (CNNs)-LSTM archi-
tectures (Du et al., 2019), recurrent networks (Ong et al., 2016), transformers (Vaswani, 2017), and
temporal convolutional networks (TCNs) (Samal et al., 2021), yielding improved predictive per-
formance. However, most of these models primarily focus on temporal patterns alone and overlook
the spatial interactions between monitoring locations. Since neighbouring locations influence pollu-
tant levels at any given station, a spatio-temporal approach is essential to model air pollution disper-
sion (Zhou et al., 2024) accurately. Graph-based methods, particularly graph neural networks
(GNNs) and graph convolutional networks (GCNs), have emerged as powerful tools for modelling
spatio-temporal dependencies (Scarselli et al., 2008). In the current context, Gao and Li (2021) lever-
aged GNNs with LSTM:s to capture spatio-temporal transmission of PM; 5. GCNs are also effective
for air quality modelling because they propagate information across connected locations, enabling
localized feature aggregation from neighbouring stations (Yu et al., 2018). For a comprehensive dis-
cussion in this context, refer to Atluri et al. (2018) and Jin et al. (2024).

The application of GCN-based approaches for modelling spatial dynamics in air pollution net-
works remains limited due to scalability and data sparsity issues. Moreover, existing forecasting
architectures often struggle to accurately predict peaks in a time series, which is critical for air pol-
lution forecasting to anticipate exceedances beyond regulatory thresholds. Due to the catastrophic
nature of extreme pollution levels, accurately modelling values above NAAQS thresholds is crucial
for effective early warning systems. Extreme value theory (EVT) offers a principled statistical
framework for analysing rare events and has been widely applied in hydrology, climate science,
and air quality to characterize the probability distribution of extreme pollutant concentrations
(Coles et al., 2001; Ray et al., 2023). In air quality studies, EVT methods such as block maxima
(BM) and peaks over threshold (POT) have been employed to model pollutant extremes using gen-
eralized extreme value (GEV) and generalized Pareto (GP) distributions, respectively (Reiss et al.,
1997). These techniques help in estimating the likelihood of extreme occurrences, allowing for the
detection of potential rare events. EVT-based studies have been instrumental in forecasting pollu-
tion exceedances, thus supporting effective intervention strategies (Kan & Chen, 2004; Sfetsos

https:/sdgs.un.org/goals.
https://cpcb.nic.infupload/NAAQS_2019.pdf.
Delhi remains the world’s most polluted capital city in 2023; https:/www.statista.com.
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et al., 2006). The reader is further referred to Martins et al. (2017) for a comprehensive review of
EVT tools in air pollution problems.

Interestingly, despite its proven utility, EVT has not been combined with spatio-temporal fore-
casting methods to build early warning systems for environmental preparedness. Our study aims
to bridge this gap by introducing a novel EVT-guided modified spatio-temporal graph convolu-
tional network (E-STGCN) model to handle the nonlinear, nonstationary, and extreme behaviour
for major air pollutants in Delhi, specifically PM; 5, PM1o, and NO,. We examine the extreme be-
haviour of these pollutants across 37 sensor locations using the POT method, modelled by the GP
distribution. Integrating these insights into a modified version of spatio-temporal GCN (modified
STGCN) enhances its ability to forecast air quality time series data while also capturing the ex-
treme observations. This enables the E-STGCN model to capture extremes in comparison with
standard spatio-temporal GCN (STGCN), which is designed for inference on graph structures
with temporal dependencies in traffic flow applications (Yu et al., 2018). Standard STGCN (Yu
et al., 2018) leverages graph convolutions to model spatial dependencies and 1-D convolutional
layers with gating mechanisms to capture short-term temporal patterns. On the contrary, the pro-
posed E-STGCN framework builds upon the foundational spatial convolution blocks of STGCN;
however, it differs from the temporal forecasting perspective and loss function construction.

In the E-STGCN architecture, we retain the graph convolutional structure of STGCN to encode the
spatial dependencies among monitoring stations effectively. However, we introduce two key innova-
tions in the framework: (1) employing LSTM units in place of temporal convolution layers to better
capture long-memory temporal dynamics (evident in air pollutant time series), we name this architec-
ture as modified STGCN and (2) introducing a new hybrid loss function based on data loss and nega-
tive log-likelihood of the GP distribution (we call it POT loss). The use of the POT loss function
enhances the modelling ability of rare but impactful extreme pollution events. The EVT component
in E-STGCN enhances the model’s sensitivity to tail behaviour via introducing a task-specific induct-
ive bias that prioritizes accuracy in the extreme regime, which is typically under-represented in con-
ventional data loss formulations. There is a conceptual connection between the proposed E-STGCN
and that of Physics-informed neural networks (PINNs) (Raissi et al., 2019), which combines (noisy)
data with physical models and implements them through deep neural networks. However, in our
method, instead of a physical model, we use an EVT-based GP distribution-fitted model as the build-
ing block for E-STGCN. Moreover, to evaluate the effect of the POT loss, we compare it with the
modified version of STGCN and the standard STGCN model, as proposed by Yu et al. (2018).
Modified STGCN shares the same architecture as E-STGCN, including the graph convolutional
and LSTM components, but is trained solely using the standard data loss, without incorporating
the EVT module. As we shall demonstrate in our empirical study, the proposed E-STGCN, which en-
hances the original STGCN by incorporating both LSTM-based temporal modelling and an
EVT-based loss function, achieves superior performance while capturing extreme air pollutant con-
centrations. In contrast, modified STGCN, which retains the architectural enhancements of
E-STGCN but excludes the EVT component, shows improved baseline performance over STGCN
in capturing long memory but lacks the same precision as E-STGCN in modelling extreme events.
Furthermore, our proposed framework is scalable and capable of generating multistep forecasts
for both low and high-frequency spatio-temporal datasets. Unlike traditional GNN models, typically
optimized for hourly predictions and shorter horizons (e.g. 12-72 h), E-STGCN handles daily air
quality data, providing reliable long-term forecasts at 30-, 60-, and 90-day horizons. Additionally,
we apply conformal prediction methods to quantify forecast uncertainties, offering critical probabil-
istic insights for policy planning.

The remainder of this paper is organized as follows. Section 2 provides a brief description of
EVT. In Section 3, we introduce the proposed E-STGCN architecture. Section 4 outlines the ex-
perimental setup and reports the air quality forecasting results. In Section 5, we discuss the impli-
cations of our approach to air quality forecasting. Finally, Section 6 concludes the paper and
suggests future research directions.

2 Preliminaries on EVT

EVT focuses on analysing the stochastic behaviour of rare or extreme events within a given sto-
chastic process. The goal of extreme value analysis is to quantify unusually large or small events

9z0z Arenuga4 | uo 1sanb Aq GG£G/$8/01 0Beub/esssI/ce0 L 01 /I0p/a01e-aoueApe/esssi/wod-dno-olwapede)/:sdiy woly papeojumoq



4 Panja et al.

and estimate the probability of these extreme occurrences, which differ significantly from the more
common observations in the data. EVT deals with the asymptotic distribution of extreme order
statistics, especially in the context of large datasets. This theory has been implemented in diverse
domains, including earth sciences (Katz et al., 2002), economics and finance (Marimoutou et al.,
2009), public health (Thomas et al., 2016), and engineering (Castillo, 2012), among others. As
mentioned above, statistical methods for modelling extreme events primarily rely on two ap-
proaches, i.e. BM and POT. Below, we briefly summarize the EVT methods that were utilized
in this study.

2.1 BM approach

The BM method analyses extreme events in a time series dataset (Gumbel, 1958). Given a sequence
of time-dependent observations, this method divides the dataset into equal-sized nonoverlapping
blocks and considers the maximum value from each block as the extreme value of the time series.
The probability distribution of the extremes is modelled using the generalized extreme value
(GEV) distribution. To mathematically explain this, let X1, X3, ..., X, be independent and iden-
tically distributed (iid) random variables with continuous distribution function F(-). Then, as
n—> oo, the distribution of M,, = maxi ¢, X; converges to G(x), called the GEV distribution, de-
fined by (following Fisher & Tippett, 1928)

x— U -1/¢6 )
exp —<1+5G< . )) if &6 #0,

G(x)=
exp{—exp(—(x;'uc))} if &6 =0.
G

In the above distribution, &g € R is the extreme value index and it controls the shape of the dis-
tribution, p; € R is the location parameter, and o > 0 is the scale parameter. Depending on
the tail behaviour of the distribution, which is influenced by &g, the GEV family can be classified
into three extreme value distributions: Gumbel (¢ = 0), Fréchet (¢ > 0), and Weibull (&g < 0).
While the Gumbel type distributions are suitable for modelling the extremes of the exponentially
decaying-tailed distribution, Fréchet and Weibull families are the reference classes for the extremes
of heavy-tailed and finite-tailed distributions, respectively (Rocco, 2014).

Although the BM method has been widely used for extreme value analysis, it has several draw-
backs. The partitioning of the dataset in this approach leads to significant information loss, as only
the maximum value from each block is retained, potentially missing multiple extreme observations
within a block. Also, usually, multiple extreme observations happen within a short time interval,
which cannot be captured by the BM method. POT tries to overcome the disadvantages of the BM
approach.

2.2 POT approach

The POT approach is a key technique in EVT that identifies observations exceeding a preselected
threshold, known as extreme values (Balkema & De Haan, 1974). By concentrating only on ob-
servations above the threshold, the POT approach offers an efficient and accurate mechanism for
modelling tail behaviour compared to conventional methods that assess the entire distribution.
Given a time series dataset {e1, €2, ..., ¢;} and a threshold ¢* (any observations that exceed the
threshold are called extreme events), the POT approach selects extreme events when e; > t*.
The distribution of exceedances over the large threshold t* asymptotically follows a GP distribu-
tion. To explain it mathematically, let Z1, Z,, ..., Z, be a series of iid random variables with a
marginal distribution Q(-). Pickands Il (1975) approximated the exceedance distribution for suf-
ficiently large threshold values using a GP distribution, defined by

-1/¢
1—<1+%z> if &0,

H(z) =
1 —exp(—Z) if £=0.
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Here, ¢ € R is the shape parameter and o> 0 is the scale parameter of the GP distribution. The
shape parameter ¢ plays a key role in determining the qualitative behaviour of the GP distribution
and influences its domain of attraction. When ¢ = 0, #(z) belongs to the Gumbel distribution fam-
ily, where the probability of extreme observations decreases exponentially, as indicated by its light
tails. For ¢ > 0, H(z) follows a Fréchet distribution characterized by heavy tails, suggesting more
frequent extreme observations. Conversely, when ¢ < 0, H(z) corresponds to a Weibull distribu-
tion with short tails, implying a lower probability of extreme observations. The POT approach
offers a robust technique for effectively modelling extreme observations with minimum data
loss. It is particularly suited for capturing the clustering effect, which is a prominent phenomenon
in extreme events. The advantages of this method for modelling extreme air pollution levels are
demonstrated in AL-Dhurafietal. (2018), where the POT approach has been applied to investigate
air pollution index exceedances in urban areas of Peninsular Malaysia.

2.3 Methods for threshold selection in POT approach

The choice of threshold plays a key role in identifying the extreme observations in the dataset, thus
significantly impacting the effectiveness of the POT approach. If a low threshold is selected, usual
observations can be treated as extreme and violate asymptotic assumptions. On the contrary, a
high threshold value can overlook potential extreme observations by treating too few data points
as extreme. The threshold selection can be done objectively through a bias-variance trade-off or
determined subjectively, with input from domain experts. Among various statistical procedures,
the mean excess plot (MEP) is a popular approach for determining the threshold in the POT meth-
od (Benktander & Segerdahl, 1960). The mean excess function of the random variable Z with dis-
tribution function Qz(z) and right endpoint zg is given by

ME@):=E(Z-7" | 2>7) = [ (L_TQZ(:)) &

provided E(Z) < co (Embrechts et al., 2013). Thus, if we model the statistical properties of exceed-
ance for any arbitrarily chosen random variable Z among 2, 2, ..., Z,, with GP (o, &) distri-
bution [as in Eq. (1)], then the expected value of Z will be finite if and only if <1 and the
mean excess function can be computed as

o <
T_eti-e&

ME(*) =

where 0 <7 <0 if 0<& < 1and 0 <" < —2if £ < 0. A natural estimate of the mean excess func-
¢

tion, l\//ﬁi(r*), is defined by

n *

— T (i — ™I i

ME(T*) — Zz_l(ni ) [zi>7*] ; z,* > 0’
2izt e

where I denotes the indicator function. This method considers the set of all points

{(z*, l\ﬁ(r*)) 17" < 2(m)}, where 2, is the highest order statistic from the sample. In principle, the
MEP will appear linear if the exceedance observations are fitted with a GP distribution, which
has a finite mean (Das et al., 2025).

The MEP approach serves as an effective and objective tool for threshold selection in the absence
of specific regulatory thresholds. For example, in a study on extreme influenza cases in Zhejiang,
China, J. Chen et al. (2015) employed the MEP method to determine an optimal threshold for in-
fluenza incidence, owing to the lack of a standardized cut-off. This illustrates how MEP can suc-
cessfully identify a threshold that balances the representation of both regular and extreme events.
Similar applications can be found in fields such as hydrology (Durocher et al., 2019), finance
(Chukwudum et al., 2020), and environmental science (Ghosh & Resnick, 2010), where prede-
fined regulatory thresholds are absent. In contrast, our study examines air pollution concentra-
tions where public health and policy alignment are critical. The NAAQS, specified by the
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CPCB, offers scientifically established thresholds for air pollutant levels aimed at protecting public
health. Although the MEP-derived threshold may be useful in the absence of regulatory cut-offs, it
often corresponds to pollutant levels substantially higher than those defined by regulatory stand-
ards, reducing its practical utility. If the MEP threshold deviates significantly from the NAAQS, it
may overlook numerous events of public-health concern. Therefore, we adopt the NAAQS thresh-
old to ensure that our findings align with public-health policy and aid in designing intervention
strategies.

3 Proposed methodology

This section introduces the proposed E-STGCN along with the modified STGCN method for
spatio-temporal forecasting of air pollution concentration levels in the presence of extreme obser-
vations. Specifically, Section 3.1 outlines the mathematical formulation of the spatio-temporal air
pollution forecasting problem, while Section 3.2 provides an overview of the E-STGCN architec-
ture, with detailed descriptions of the components within each module of the proposed
framework.

3.1 Problem formulation

In this study, we address the air quality prediction problem as a spatio-temporal forecasting task,
where the key challenge is to model temporal patterns from historical data while simultaneously
capturing the spatial relationships between multiple air quality monitoring stations. Let there be N
monitoring stations and suppose X, = [X}, X2, ..., XN] € RN denote the vector of air pollutant
concentrations across all stations at time #, where t=[1, T]. Our objective is to generate
g-step-ahead (g2 1) forecasts {Xry1, X112, ..., X744} based on T past observations Xy.1 =
(X4, Xa, ..., X7]T € RPN which represents the air pollutant concentration across T historical
observations and N monitoring stations. To achieve this, we develop a forecasting model that in-
tegrates EVT with GCN and LSTM networks for modelling the spatio-temporal correlations
among the N monitoring stations, accounting for the presence of extreme observations in the data-
set. Our goal is to learn a forecasting function Fg_stgen that maps spatio-temporal inputs into a
sequence of future predictions. To understand the objective formally, let G = {V, E} denote an un-
directed graph, where V € RN represents the set of nodes, corresponding to the monitoring sta-
tions and the set of edges E € RN indicates the spatial correlations between the stations.
Mathematically, the air quality forecasting problem can then be expressed as

Fe_steen: (X1.1, A) — {)A(TH, X142, ---7§T+q]a

where the adjacency matrix A € R™N encode the spatial connections and Xri; ={X%,,,
X2, ooy XY} € RN represents the i-step-ahead (i = [1, q]) forecast of air pollution concentrations

for the N monitoring stations, computed based on the T historical observations.

3.2 E-STGCN model overview

The overall architecture of the E-STGCN framework, depicted in Figure 1, consists of three primary
modules: the spatial module, the temporal module, and the EVT module. The spatial module maps
the input data onto attributed spatio-temporal graphs and learns the underlying spatial correlations.
These learned graph structures and historical air pollutant concentrations are processed through the
spatial blocks comprising GCNs and fully connected neural networks, which capture dynamic tem-
poral information and spatial influences. The output from the spatial module is then fed into the tem-
poral module, where the future trajectories of air pollutant concentrations are predicted using
recurrent LSTM layers and a fully connected dense layer (modified to capture long-memory dynam-
ics and differs from standard STGCN). The EVT module, another key component of the E-STGCN
architecture, is specifically designed to model rare but impactful extreme pollution events. It fits a GP
distribution to the historical air pollutant concentrations that exceed permissible thresholds. This
fitted distribution is used to augment the conventional data-driven loss with POT loss (discussed
in Section 3.2.3). The hybrid loss function ensures that predictions exceeding the regulatory
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Figure 1. Extreme spatio-temporal graph convolutional networks (E-STGCNs). Daily air pollution concentration
levels from different regions of Delhi, along with the corresponding adjacency matrix, are processed through a graph
convolutional network (GCN) and a dense layer to generate spatio-temporal embeddings. To account for extreme
values, each sensor’s time series data is modelled using a generalized Pareto (GP) distribution. The GCN-embedded
datais then passed through an long short-term memory (LSTM) layer, followed by a dense layer, to produce accurate
forecasts. The network is trained using a modified loss function that combines the conventional mean squared error
(MSE) loss with a peaks-over-threshold loss (POTL) when predictions exceed a predefined threshold (7).

thresholds are not only penalized for their squared error but are also encouraged to conform to the
statistical structure of the learned tail distribution. The primary objective of E-STGCN is to capture
extremes, not merely to be robust to them. Specifically, the model aims to accurately forecast both
the occurrence and magnitude of rare pollution events, a crucial drawback of prior spatio-temporal
deep learning models. The EVT module directly addresses this gap by embedding domain-specific
tail behaviour into the training process. By integrating EVT-based statistical knowledge with the
spatio-temporal representations learned from the spatial and temporal modules, E-STGCN can ef-
fectively model the dynamics of air pollutant concentrations, particularly in scenarios involving
threshold exceedances. Our framework is conceptually aligned with the idea of PINN
(Karniadakis et al., 2021; Raissi et al., 2019), where domain knowledge is embedded into neural
networks via loss constraints (not architectural changes). PINN uses physical laws to inform model
behaviour in regions where data is scarce or uncertain by taking the total loss as Lossyta) = L0SSdaca +
AL0SSphysicss Where Lossgae, is the data-centric loss and Loss,pysics is the residual from the governing
ordinary differential equations or partial differential equations. In E-STGCN, we use EVT to regu-
larize the model where the data is sparse in the tail (certainly many extreme values). In this way, the
GP distribution penalty serves as a probabilistic prior grounded in statistical theory, analogous to
physical laws in the mechanistic model, thus allowing E-STGCN to accurately forecast extreme ob-
servations in pollution concentration levels.

3.2.1 Spatial module

In the spatial domain, the air pollutant concentrations at different sensor locations influence each
other with varying intensities, and most interactions are dynamic. To capture the spatial correla-
tions among the monitoring stations, we employ graph convolution operations. Typically, GCNs
allow convolution operations on arbitrary graph structures, enabling the learning of node-order
invariant representations. In the E-STGCN framework, we model the historical air pollutant con-
centrations using GCN by considering the geographical locations of the monitoring stations as no-
des, which form the basis of spatial dependencies. Thus, the undirected graph G ={V, E}, with V
nodes and E connecting edges, can be represented using an adjacency matrix A for efficient com-
puter processing. Specifically, the adjacency matrix A is static and is constructed based on the
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weighted Haversine distance (d;) between the geographical locations of the ith station (with lati-
tude ¢', longitude A') and the jth station as

d; =2Rsin™" |:\/sin2 (A%é) + cos (%) cos(¥) sin’ (A2/1>:| ) (2)

where Ag = ¢’ — ¢/, Al =14 — )/, and R represents the earth’s radius. The weighted adjacency ma-
trix, indicating the similarity between the corresponding nodes, are computed using a Gaussian
kernel as

42 &2
gii:exp<—;”>, when i#; and exp(—é’)?& (3)

where & and ¢ are the parameters that control the distribution and sparsity of the adjacency ma-
trix A. Specifically, if the distance between the nodes exceeds v —& In €, no edges are considered
between the nodes.

With a slight abuse of terminology, let us represent the air pollutant concentrations monitored
at N stations over T timestamps as spatio-temporal graphs G ={Gy, G», ..., Gr}, where each graph
G, = {X,, A} consists of X, € RN, representing the pollutant attributes at time ¢, and A € RN*N,
providing the structural information for the N stations. To map the non-Euclidean spatio-
temporal graphs to spatio-temporal node embeddings, we perform localized convolutions of the
node neighbourhood using GCN layers. GCNs generalize the concept of CNN filters to graph-
structured data by applying polynomial filters over neighbouring nodes. These filters can be ap-
proximated using Chebyshev polynomials of order d as

where C, denotes the uth Chebyshev polynomial and L = {Z—L — Iy is the normalized graph
Laplacian. Here, L = D — A is the Laplacian, D is the diagonal degree matrix with D;; =3 Aj,
and (.« is the largest eigenvalue of L. The graph convolution on input data X, is then given by

X, =P, (L)X, (4)

As shown by Kipf and Welling (2016), a first-order approximation (d = 1) is often sufficient and com-
putationally efficient, leading to a simplified graph convolution. Hence, Eq. (4) can be simplified as

, 2L
X, = woX, +wy (C——IN)XI, (5)
max

where wy and w; are filter weights shared across all N nodes. By applying a stack of K different poly-
nomial filter layers, which corresponds to a sequence of K graph convolution layers with first-order
approximations, the spatio-temporal node embeddings for G, ={X;, A}; t=1,2, ..., T, can be
computed as

(0 [
i‘(k_l)

_ o h _
pik) = ;k)(Wz(k) ZZGWU)? +B§k)h;’(’<”>; k=1,2, ...K,

Z! = Dense (b;’(K)),
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where in the kth iteration, the function £*' and filter weights {W*), B¥)} are shared to update the ini-

tial embedding using 1-hop localized convolutions, repeated K times based on a neural message pass-

ing mechanism (Gilmer et al., 2017). Thus, bi’(k) is the embedding of node 7 at timestamp ¢ during
iteration k, computed by taking the mean of its neighbouring nodes and its self-embedding from
the previous iteration at time z. The final spatio-temporal representation, Z:, from the spatial block
is computed by modelling the GCN output from the Kth layer using a fully connected dense layer.
Consequently, the spatio-temporal embedding Z, = [Z}, Z?, ..., ZN] € RN generated from G, up-
dates X, with the encoded information from (K — 1)-order neighbourhood of the central node
through K successive filtering operations. It is of the essence here to point out that the first-order ap-
proximation of the polynomial filter is highly effective and scalable for large-scale graph structures
(Yu et al., 2018).

3.2.2 Temporal module

The temporal module of the E-STGCN framework is designed to model the spatio-temporal em-
beddings, [Z1, Zs, ..., Z7]", learned in the spatial block. Due to the complex sequential depend-
encies within {Z,}, we employ an LSTM network, a robust variant of Recurrent Neural Networks
(RNNs), that efficiently overcomes optimization challenges of conventional RNN architectures
(Hochreiter & Schmidhuber, 1997). This temporal module differs from the architecture of the
standard STGCN, where 1-D convolutional layers with gating mechanisms are used. The
LSTM network in E-STGCN introduces specialized memory cells that replace standard hidden
units, improving stability, speed, and accuracy. These cells maintain self-connected recurrent
edges with fixed weights, enabling stable gradient flow across long sequences. The cell state stores
long-term information, while hidden states manage short-term context. A gating mechanism, com-
prising forget, input, and output gates, controls updates to both states, allowing the network to
effectively capture and retain long and short-term dependencies in sequential data. At each time-
stamp ¢, for each of the N nodes, the LSTM receives p lagged values zZ= {Zi_l7+1 R Z;—p+2’ 2} e
R? along with the previous hidden state vector H:_, as input. It then generates the g-steps-ahead
projections of Z! along with the new memory M:, updating both the hidden state H’ and the cell
state Ci. The forget gate determines which parts of the previous cell state C:_; should be retained
by computing the forget gate activation as

F=¢, (UiZFE; + UppH_; + B%)a

where U, € R, Ui, € R, and B} € R” are learnable parameters, 71 is the number of hid-
den layers, and ¢, is a sigmoid function that constrains values of F; € [0, 1]. A value of Fi close to 1
retains the corresponding part of C!_,; while a value close to 0 discards it. The input gate controls
how much new information from the current input z! should influence the cell state by computing
the activation (I! ) and new memory vector (M:) as

L=4¢, (UiZlgi + Uy H,_ + Bi)» M, = ¢2(UiZM§; + Uy Hi_y + Bﬁ\/l)»

where ¢, is tangent hyperbolic activation function, U, U,,, Ui, Uy, Bi, and Bi, are learn-

able parameters. Using F., I', and M’ current cell state is updated as

C,=F.oC_ @&l oM,

where © denotes the element-wise multiplication. Finally, the current hidden state is calculated in
the output gate based on the activation vector (O}) of the output gate as

H, = 0;0¢,(Ci), where O} =4, (Uz02, + UyoH;_; + B),
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with U, Ujyo, and Bf, being the output gate parameters. To compute H; and Cj, the initial val-
ues are set to Hjy = C, = 0. Consequently, the g-steps-ahead forecast of the air pollutant concen-
trations for the i/th node is obtained using a fully connected dense layer as

{Zt+1’ s e ,Z }=Dense(H§).

t+q

The final output generated by the temporal module effectively captures the sequential patterns of
the air pollutant series. However, the model struggles to forecast sudden peaks, which are particu-
larly common in Delhi’s air pollutant concentrations during winter months. To address this, we
design the EVT module within the E-STGCN architecture, enabling the framework to accurately
forecast spatio-temporal dependencies in situations of threshold exceedances.

3.2.3 EVT module

In the field of air pollution control, Roberts (1979) emphasized that rare events often hold more
significance than regular observations. Therefore, prior knowledge of these rare occurrences is
crucial for accurate modelling and forecasting of air pollutant concentrations. The spatial and
temporal modules of the E-STGCN architecture leverage historical pollutant data from various
proximal monitoring stations to predict future trends. However, their inability to differentiate be-
tween common and rare events limits their effectiveness in modelling extreme occurrences. To ad-
dress this issue, the EVT module, a key component of the E-STGCN framework, utilizes EVT to
identify the underlying patterns of air pollutant concentrations associated with rare observations.

In the EVT module, we employ the POT approach to analyse the extreme observations and in-
tegrate them into the spatio-temporal forecasts of the previous modules. In the POT method (as
discussed in Section 2.2), we examine the behaviour of exceedances by fitting a GP distribution
to the pollutant concentrations that exceed the NAAQS threshold (z). Following Eq. (1), the
conditional GP distribution for the ith monitoring station at time ¢ can be mathematically
formulated as

T
” 1—<1+7’> if &#0,
>l =

P - 1 X3 ] |
1 —exp(—j) if &=0,

where & € Ris the shape parameter and o > 0 is the scale parameter for the GP distribution fitted to
the pollutant concentrations of the ith monitoring station. The shape parameter &' is particularly
important as it influences the tail behaviour of the GP distribution. To estimate the shape and

scale parameters of the GP distribution for the ith station, we consider the k' observations
(X, X4, ..., Xi%’} exceeding the threshold 7 and compute the log-likelihood function based on

the threshold exceedance as follows:

I, &) = - log(o) ( ) ZIOg( f’ : )

provided (1 + £ ) >0 form=1,2, /;1; otherwise (¢, &) =—o0 (Coles et al., 2001;
Grimshaw, 1993) Since the log- hkehhood of the GP distribution lacks a closed-form analytical so-
lution, we employ the Broyden—Fletcher—Goldfarb-Shanno (BFGS) algorithm, a quasi-Newton op-
timization method, to estimate the parameters ¢’ and & (Fletcher, 2000). The BFGS algorithm
iteratively updates parameter estimates using gradient information and approximates the inverse
Hessian to maximize the log-likelihood, while ensuring stability and convergence by enforcing con-
straints such as the positivity of ¢’ and validity of the likelihood domain. The resulting estimates
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(6%, &) of the scale (¢/) and shape (¢') parameters obtained from the air pollutant concentration lev-
els of the ith monitoring station enables the design of the POT loss function which serves as a prior
information in the E-STGCN framework.

The POT loss function is computed as the negative log-likelihood of the fitted GP distribution.
Now using a single predicted value of air pollution concentration level (Z’ ) for monitoring station ¢
at time ¢ that exceeds the threshold 7, we compute the negative log-likelihood (NLL) of the fitted
GP distribution (POT loss) as

POTL(Z) =NLL = log(¢) + ( 5) log<1 + 52’) (6)

We then incorporate the negative log-likelihood function [Eq. (6)] while designing the loss func-
tion of the temporal module. This approach enhances the modelling of threshold exceedances
by incorporating knowledge from EVT as prior information to the model.

3.2.4 Optimization

The objective function of the E-STGCN framework is formulated as a combination of the data
loss, computed by the mean squared error (MSE), and the POT-based loss function [Eq. (6)] de-
pending on whether predicted values exceed a specified threshold 7. This allows the E-STGCN
to capture the dynamics of air pollution, not just the average behaviour, but especially its rare
and high-impact extremes (ones that violate regulatory thresholds by NAAQS). The hybrid loss
function, combining MSE for general predictive accuracy with negative log-likelihood penalty
from a GP distribution for threshold exceedance, in the form of POT loss, can be expressed as

t+q> “t+q t+q <t

BIMSE(ZLy, Ziy, ) + B2POTL(ZL, ), z;+q>f,

MSE(Z’ 7 ) Zi )

t+q> “t+q

Loss (Z’ 4 )

where B, and p, are the hyperparameters that regulate the contributions of data loss and the
POT-based loss, respectively. Since the loss function is differentiable almost everywhere, we utilize
the backpropagation method to train the corresponding weights. Thus, for predictions below the
threshold z, the model is optimized solely based on MSE loss that draws the predictions toward
the conditional mean. This is appropriate for the bulk of the data. However, for predictions above

the threshold z, the loss function becomes: 8, MSE(Z! g t+q) +ﬁ2POTL( Hq)

is encouraged not just to minimize MSE but to conform to the statistical structure of extreme val-
ues learned from the data. Note that the GP distribution penalty term does not force the prediction
to match the mean of the GP distribution, but it acts like a regularization term, encouraging the
prediction to fall within the plausible tail shape defined by EVT. This acts as a distribution-aware
regularization, but not a replacement for the predictive loss. Using only the GP distribution like-
lihood for exceedance would ignore the distance between observed and predicted values; there-
fore, it can significantly harm the point prediction accuracy (which is crucial in air pollution
forecasting for policy intervention). Hence, the combined loss provides a trade-off where the mod-
el learns to be accurate (stay close to the observed values) while regularizing the tail behaviour via
alignment with the empirical tail shape of the pollutant distribution. Additionally, to ensure an
effective balance between data-based learning and the EVT knowledge, the coefficients ; and
B, in the modified loss function are selected through a cross-validation approach by minimizing
the root mean square error on the hold-out validation set (as indicated in Figure 2). These hyper-
parameters govern the trade-off between accurately forecasting average concentration levels and
effectively capturing the extreme behaviour of the dataset. As a result, the E-STGCN model min-
imizes a modified loss function that captures the underlying spatio-temporal dynamics while also
integrating distributional characteristics through the POT-based component to better model ex-
treme concentration levels. A detailed visualization showcasing the working principle of the
E-STGCN framework is provided in Figure 1. Although designed for air pollution, the proposed

where the model
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hybrid loss function is model-agnostic and can be integrated into other spatio-temporal architec-
tures for extreme forecasting tasks (e.g. finance, epidemics, etc.).

Remark 1  E-STGCN extends the foundational principles of the STGCN framework (Yu
et al., 2018) by adopting a spatio-temporal learning paradigm that combines
graph-based spatial modelling with temporal sequence processing. Both archi-
tectures utilize graph convolutional layers to capture spatial dependencies
among monitoring stations using a predefined adjacency structure and are de-
signed to forecast multivariate signals over a graph topology. Despite this
shared foundation, E-STGCN introduces several important modifications,
particularly in its temporal modelling strategy and training objective (loss func-
tion), that distinguish it from the original STGCN. The key differences are out-
lined below:

1. Temporal Module: STGCN uses 1-D convolutional layers coupled with
gated linear units, which are effective at capturing local temporal patterns
within a fixed window. However, this design is limited in its ability to model
long-term memory dependencies, which are frequently observed in air qual-
ity time series due to seasonal variation, meteorological shifts, and policy
interventions. To address these limitations, E-STGCN replaces the tem-
poral convolutional block with LSTM units (sequence-to-sequence archi-
tecture), which are specifically designed to capture (both short- and long
memory) dynamic temporal dependencies and preserve contextual infor-
mation over extended horizons. This modification significantly improves
classical STGCN’s ability to model persistent pollution episodes and non-
stationary temporal dynamics.

2. Tail Modelling and Novel Loss Function: E-STGCN incorporates a POT
approach to explicitly separate moderate and extreme events, based on
NAAQS regulatory thresholds. This allows the model to learn distinct dy-
namics for each regime and better capture extreme pollution events, which
often exhibit different statistical behaviour from regular observations.
E-STGCN introduces a hybrid loss function that combines the traditional
MSE loss with a negative log-likelihood penalty derived from the GP distri-
bution (POT loss), forming an EVT-based loss component. This additional
term is activated only when the predicted values exceed a specified thresh-
old z, guiding the model to produce forecasts that are not only accurate on
average but also statistically consistent with the empirical tail behaviour of
the data. In contrast, standard STGCN (Yu et al., 2018) lacks any mechan-
ism to explicitly handle extreme events and treats all prediction errors uni-
formly, regardless of their magnitude or severity. This EVT-guided learning
mechanism of E-STGCN enables it to generate risk-aware forecasts, a crit-
ical gap in STGCN’s design.

4 Experimental evaluation

In this study, we assess the efficiency of the proposed E-STGCN framework by comparing its fore-
casting performance with several temporal and spatio-temporal forecasters. We use daily data on
Delhi’s air pollutant concentration levels from 1 January 2019 to 31 December 2022, to train the
models and generate forecasts for different months of 2023. To demonstrate the generalizability of
our proposal, we evaluate its forecasting performance across three forecast horizons, namely
short-term, medium-term, and long-term, spanning over 30 days, 60 days, and 90 days, respect-
ively, using a rolling window approach. For the short-term horizon, forecasts are computed for
each of the 12 months of 2023, separately. The forecast window covers two consecutive months
in the medium-term horizon, resulting in six cases. There are four forecast windows for the long-
term horizon, each covering three successive months. Figure 2 visually represents the training, val-
idation, and test periods used in the forecasting tasks. The following subsections present a brief
description of the air pollutant datasets and their global characteristics (Section 4.1), extreme
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Figure 2. Dataset split for different forecast evaluation windows.

value analysis of air pollutant concentrations (Section 4.2), performance comparison metrics
(Section 4.3), baseline models (Section 4.4), implementation of the proposed framework and ex-
perimental results (Section 4.5), statistical significance tests of the experimental results (Section
4.6), and uncertainty quantification of the proposal (Section 4.7).

4.1 Data and preliminary analysis

In this study, we focus on forecasting the daily concentration levels of three major air pollutants,
namely PM, 5, PM;o, and NO;, and analyse their statistical and global features using the data col-
lected from 37 monitoring stations located in Delhi. Pollution concentrations fluctuate significant-
ly throughout the year across various stations, with ranges between 0.08-761.95 ug/m?> for PM5 s,
1.00-923.70 ug/m> for PMyo, and 0.13-428.15 ug/m> for NO,. The average concentrations are
102.31, 203.48, and 43.02 ug/m> for PM, 5, PM1g, and NO; respectively. We also compute the
five-point summary statistics, standard deviation (SD), coefficient of variation (CV), skewness,
and kurtosis for the pollutant concentrations monitored at different stations. Furthermore, we
analyse various global time series features, including long-term dependency, stationarity, linearity,
and seasonality for the pollutant levels. The results of the descriptive statistics and global features
of PM, 5, PMy, and NO, datasets, as reported in online supplementary material, Tables A.1, A.2,
A.3 of Appendix A.1, reveal that the air pollutant series from most of the monitoring stations ex-
hibit long-range dependencies, nonstationary behaviour, and nonlinear patterns. Additionally,
some datasets display weekly and quarterly seasonality.

Next, in Figure 3, we visualize the spatial distribution of the air pollutant monitoring stations in
Delhi. The upper panel of the plot showcases the average pollution levels observed at each station.
These plots highlight that monitoring stations in close proximity tend to record similar pollution
concentration levels compared to distant ones, underscoring the spatial dependencies in pollutant
concentrations. The lower panel of Figure 3 displays the pairwise correlation heat map of pollu-
tant concentrations across monitoring stations. In the plot, the stations are clustered based on geo-
graphical proximity, using hierarchical clustering on their Haversine distance, as in Eq. (2). In this
reordered correlation heat map, the bright (yellow) diagonal from the top-right to the bottom-left
represents the self-correlation of each station, which is equal to 1. This diagonal is not the conven-
tional main diagonal because hierarchical clustering permutes the station ordering based on geo-
graphical proximity. As a result, the self-correlation entries appear along this reversed diagonal.
Stations that are spatially close to one another are positioned near each other in this reordered lay-
out. Therefore, strong spatial dependence appears as bright-coloured regions clustered around this
diagonal, indicating that geographically nearby stations exhibit higher pairwise correlations, ow-
ing to localized pollutant dispersion and common emission sources. Conversely, darker (violet)
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Figure 3. Upper panel: Spatial distribution of the monitoring stations in Delhi and average pollution level of (a) PM; 5,
(b) PMy0, and (c) NO,. Lower panel: Pairwise correlation between pollutant levels from each station for (a) PM2.5,
(b) PM10, and (c) NO,. Stations are reordered such that geographically proximate locations appear adjacent to each
other, emphasizing correlations driven by spatial proximity. For PMy, stations 12, 24, and 32 did not record data and
are represented as white cells in the heat map to denote missing observations.

patches farther from the diagonal correspond to station pairs that are geographically more distant
and, hence, less correlated. Notably, PM, 5 and PM;y concentrations show consistently strong
positive correlations across most station pairs, while NO, exhibits moderate to strong correla-
tions, primarily among nearby stations. Moreover, some geographically distant station pairs
(e.g. stations 9 and 18; stations 21 and 23) also display high correlations, suggesting the influence
of nonlocal emission sources. These spatial correlation structures reveal the complex interplay of
local and regional factors influencing air quality in Delhi and provide critical insights for modelling
both spatial and temporal dependencies in the forecasting process.

4.2 Extreme value modelling of air quality data

In this section, we employ the BM method and the POT approach to detect and model the extreme
observations in the air pollutant concentrations. Figure 4 presents the results of extreme value ana-
lysis using the BM method for daily pollution concentrations of PM; 5, PM1g, and NO;, measured
at the Alipur monitoring station from 2019 to 2022. The other stations display similar behaviour
as well. In our analysis, we consider a block size of 30 days, representing the maximum value in
each block with a red circle and the remaining observations with green circles. From the plots,
it can be observed that in several blocks, the maximum values are not necessarily extreme.
Conversely, in other blocks, multiple extreme values, apart from the maximum, are abandoned
by this method. To address these limitations, we employ the POT approach in our study. For de-
termining the optimal threshold in the POT method, we utilize the MEP approach and demon-
strate the results for pollution concentrations of PM; 5, PM;y, and NO, monitored at the same
station in Figure 5. The plot highlights the mean excess value for various thresholds (z*) with a
95% confidence interval. From the MEP, we can observe that the mean excess value becomes lin-
ear beyond the green straight line, indicating that the corresponding value represents the thresh-
old. Specifically, the MEP-based thresholds are 583 for PM; s, 658 for PMp, and 116 for NO,
datasets. However, using these thresholds results in only 0.14% extreme values for PM, s,
PM 1, and NO; dataset, which is insufficient for effective POT analysis. Nevertheless, in scenarios
where extremely high observations are scarce, the MEP technique for threshold selection within
the POT framework can be useful. For example, in case of NO, concentration levels from selected
low-pollution monitoring stations in Delhi, specifically Station 4 (Aya Nagar), Station 16 (Lodhi
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Road IMD), and Station 20 (Najafgarh) of Delhi, where the frequency of extreme NO,; levels
ranges between 0.07% and 0.21% (as reported in online supplementary material, Table A.3 of
Appendix), the MEP approach can be utilized. Figure 6 displays the mean excess value computed
for these datasets across varying thresholds (*), along with 95% confidence intervals. The esti-
mated MEP-based thresholds are 72ug/m® for Station 4, 74 ug/m?® for Station 16, and
80.5 ug/m? for Station 20, all of which closely align with the NAAQS regulatory threshold of
80 ug/m? for daily NO, exposure. These results demonstrate the practical validity of the MEP ap-
proach in relatively clean environments, where exceedance events are rare but still important to
model. They further highlight the effectiveness of MEP in identifying reliable thresholds for tail
modelling, even in low-exceedance regimes where capturing extreme behaviour remains critical
and a regulatory threshold is absent (e.g. epidemic datasets).

In this study, we opt for a subjective method of threshold selection, utilizing the NAAQS estab-
lished by the CPCB for industrial, residential, rural, and other areas. Domain experts determine
these thresholds to protect public health, vegetation, and the environment. Following the
NAAQS recommendation, we set the threshold values as 60 ug/m® for PM, s, 100 ug/m? for
PM, and 80 ug/m?> for NO, pollutants and examine the exceedance of pollution concentration
levels over these thresholds. From online supplementary material, Tables A.1, A.2, A.3 of
Appendix A.1, the average exceedance levels are 61% for PM; 5, 77% for PMy, and 10% for
NO,. Additionally, to verify the iid assumption of the POT approach for these exceedance data-
sets, we perform the Durbin—-Watson (DW) test (Durbin & Watson, 1971), which detects autocor-
relation at lag 1 in the residuals from the regression analysis. The DW test p-values (refer to the
above-mentioned online supplementary material, tables in Appendix A.1) indicate that for most
exceedance time series, lag 1 residuals are uncorrelated. However, for certain stations with limited
observations above the threshold, the DW test statistic could not be computed. We also demon-
strate the fitting of the GP distribution for different air pollutant concentrations with the selected
thresholds in Figure 7. Due to the absence of enough extreme observations in the NO; dataset, the
GP distribution does not provide a good fit as opposed to the PM; s and PM; datasets.

4.3 Forecasting performance evaluation measures

In our experimental evaluation, we utilize four deterministic and three probabilistic forecast per-
formance indicators. The deterministic measures, including mean absolute error (MAE), mean ab-
solute scaled error (MASE), root mean squared error (RMSE), and symmetric mean absolute
percent error (SMAPE), quantify the average performance of different forecasters under various
error formulations (Hyndman, 2018). Additionally, to evaluate how well E-STGCN captures ex-
treme pollution behaviour, we include three probabilistic metrics, such as continuous ranked
probability score (CRPS), threshold weighted CRPS (twCRPS), and Pinball Loss (quantile loss).
These metrics provide insight into the model’s ability to forecast not only central tendencies but
also distributional tail characteristics, aligning with the goals of strictly proper scoring rules as em-
phasized by Gneiting and Raftery (2007) and Gneiting and Ranjan (2011). Specifically, the
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confidence interval, and the green solid line is the threshold obtained from the MEP.

quantile-based Pinball Loss evaluates performance at specific quantiles, the CRPS measures over-
all predictive performance across the entire distribution, and the twCRPS emphasizes model per-
formance above a preselected threshold. The mathematical formulations of these metrics are as
follows:

q o T+ \%i _ i
MAE:}ZW;—X;I, MASE = th=T+T1| z. t|. ;
gy T =2 1K= Xy
q . 94 9\%i _ i
RMSE = 1Z(x;—xg)z, SMAPE=12M>< 100%,
9= 9527 1 X+ 1X3
1< LA LA
Pinball Loss(p*) == ) max(p*(X: - X)), (1 -p" ) X:=X})),
b (3 - ), 1573 - )
1TIAT oo o 12
CRPS=5Z[ J=(Fi@) = 1(7 2 X})) dir], and
t=1
1T o ooy 12
twCRPS = 52[ J2 (B = 1( > X)) wiin)di],

=1

~
|

where g denotes the forecast horizon, p* is the quantile, X' is the forecast of the actual value X, Fi
is the predicted probability distribution function (PDF) for the ith station at time ¢, T is the size of
the training sample, and w(i) = 1(i > 1) is the weight function with 7 representing the NAAQS
threshold. In our analysis, we consider two quantiles at p* = {0.8, 0.95} and report the values of
the Pinball Loss based on 80% and 95% quantiles (Gneiting et al., 2023). By definition, the min-

imum value of these performance measures suggests the ‘best-fitted” model.

4.4 Benchmark forecasting models

To establish the efficacy of the proposed algorithm, we rigorously evaluate the model against
state-of-the-art approaches. A list of these competing methods and their modelling capabilities
is summarized in Table 1. Among time-dependent models, we consider the ubiquitous ARIMA ap-
proach (Box et al., 1970) as well as several deep learning techniques, including LSTM (Hochreiter
& Schmidhuber, 1997), TCN (Y. Chen et al., 2020), DeepAR (Salinas et al., 2020), Transformers
(Wuetal.,2020),and NBeats (Oreshkin et al., 2019). For the spatio-temporal models, we evaluate
the performance of space-time autoregressive moving average (STARMA) (Pfeifer & Deutrch,
1980), generalized space-time autoregressive (GSTAR) (Cliff & Ord, 1975), fast Gaussian process
(GpGp) (Guinness, 2018), STGCN (Yu et al., 2018), spatio-temporal neural network (STNN)
(Saha et al., 2020), modified STGCN (introduced here), and DeepKriging (Nag et al., 2023). In
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Figure 6. Mean excess plot (MEP) for NO; pollutant concentration monitored in (a) Station 4 (Aya Nagar), (b) Station
16 (Lodhi Road IMD), and (c) Station 20 (Najafgarh) of Delhi. The blue solid line indicates the mean excess level, the
red dotted lines represent the 95% confidence interval, and the green solid line is the threshold obtained from the
mean excess plot (MEP).
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Figure 7. (a)—(c) Probability density plots of PM, 5, PM1o, and NO; pollutant concentration extremes in Alipur, Delhi
monitoring station, respectively. All histograms are fitted with the probability density (blue) of the generalized Pareto
distribution.

the interest of space, more details of these models are provided in online supplementary material,
Appendix A.2.

4.5 Experimental setup and forecasting accuracy

In this section, we discuss the implementation of the proposed E-STGCN approach for forecasting
air pollutant concentrations in Delhi. To train the sequential workflow of our model, we first util-
ize the ‘fgpd’ function from the evmix package in R. This function computes the maximum like-
lihood estimates for the scale parameter (¢' > 0) and the shape parameter (& € R) of the GP
distribution, based on the training dataset for the ith station whenever an exceedance over the
NAAQS threshold occurs. These estimated parameters provide prior information regarding ex-
treme values in the training data. Subsequently, we implemented the E-STGCN model in
Python to generate the spatio-temporal forecasts for the proposed approach. For modelling the
spatial dependencies in the dataset, we compute the adjacency matrix (A) based on the weighted
Haversine distance, as in Eq. (3). This matrix identifies the neighbours for each sensor, organizing
their locations into a graphical structure by identifying relevant nodes and edges. Next, we employ
CNNs and a dense layer from the TensorFlow library to encode the training data’s structural and
feature-based information. To model the temporal dependencies, the output of the spatial module
is passed through an LSTM layer and a dense layer. The weights of the temporal layer are opti-
mized using a custom loss function, which combines the MSE loss with a POT-based loss [as in
Eq. (7)]. This modified loss function leverages prior information about the NAAQS exceedances
to enhance the accuracy of air pollution forecasts. Once the E-STGCN model and other bench-
mark forecasters are implemented, we generate out-of-sample forecasts using a rolling window ap-
proach for different forecast horizons. Below, we summarize the performance of our proposal and
baseline models from temporal and spatio-temporal paradigms based on several key performance
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Table 1. Comparison of forecasting frameworks

Models Spatio-temporal Nonlinear Nonstationarity Probabilistic Scalability Extreme
forecasting value
handling

ARIMA (Box et al., 1970) X X v v X X

LSTM (Hochreiter & X v v X v X
Schmidhuber, 1997)

TCN (Y. Chen et al., 2020) X v v X v X

DeepAR (Salinas et al., X v v X v X
2020)

Transformers (Wu et al., X v v X v X
2020)

NBeats (Oreshkin et al., X v v X v X
2019)

STARMA (Pfeifer & 4 X X v X X
Deutrch, 1980)

GSTAR (Cliff & Ord, 1975) v X v X X X

GpGp (Guinness, 2018) v X X v v X

STGCN (Yu et al., 2018) v v v X v X

STNN (Saha et al., 2020) v v v X X X

DeepKriging (Nag et al., v v v v X X
2023)

Modified STGCN v v v v v X

Proposed E-STGCN v v v v v v

Note. The columns indicate whether each model can address spatio-temporal correlations, nonlinearity, and
nonstationarity in time series data. Additional columns assess whether the method at its core can produce probabilistic
forecasts, scalability (size of the data does not pose a problem), and handle extreme observations.

indicators. A brief description of the benchmark temporal and spatio-temporal baseline models
used in the experimental analysis, along with their implementation details, is outlined in online
supplementary material, Appendix A.2.

Tables 2, 3, and 4 present the performance of the proposed model and the baseline architectures
in generating short-term forecasts for PM; 5, PM1o, and NO; levels, respectively, in terms of se-
lected performance indicators. The results for the remaining evaluation metrics are summarized
in online supplementary material, Appendix A.3 to maintain the readability of the tables. As in-
dicated in Table 2, the proposed E-STGCN model achieves state-of-the-art performance for sev-
eral months of 2023. In particular, during the onset (November) and end (February) of winter,
E-STGCN generates the most accurate forecasts and efficiently captures the overall variability, in-
cluding extreme observations, for the PM; 5 concentration levels. While NBeats and ARIMA out-
performed the proposed framework in December and January, their ability to capture threshold
exceedances remains limited than that of the E-STGCN model, as highlighted by the twCRPS met-
ric. Additionally, the E-STGCN model improved ARIMA’s forecast by 22.4% (based on the MAE
metric) in March, and its performance remained competitive with NBeats. In April, our proposal
shows a similar trend by efficiently capturing the extreme values in the dataset, while its average
performance remains comparable to ARIMA and NBeats. During the summer months, from May
to September, the proposed framework outperformed the benchmark models across most of the
deterministic and probabilistic performance indicators, except in July, when LSTM produced
more accurate average forecasts, and E-STGCN provided the most precise predictions for extreme
values. In October, GpGp and Transformers recorded the lowest average forecast error; however,
E-STGCN recorded the least values for twCRPS and Pinball Loss (95 %) metrics. For short-term
forecasting of PMyg, the E-STGCN model consistently performed best for the first three months of
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2023, as measured by most point-based and distribution-based performance metrics. During April
and May, the PMy concentration levels rarely exceeded the NAAQS threshold, leading to similar
performance between the E-STGCN and modified STGCN models, as the framework was trained
primarily on the data loss. The average performance of the STNN model is better during June;
however, the E-STGCN framework provides a better performance in capturing the tail distribu-
tion of the data. In July and December, although the NBeats framework outperforms all the fore-
casting approaches, our proposed model regains its forecasting superiority from August to
October, as indicated by the average and distributional error metrics. In November, the spatio-
temporal GpGp model showed competitive performance with our method. For 30-day ahead fore-
casts of NO; concentration levels, the E-STGCN and modified STGCN models showed similar
performance. Since the average exceedance of NO, levels over the NAAQS threshold was around
10%, the use of a POT-based loss function was limited. Nevertheless, both architectures outper-
formed the standard STGCN, underscoring the effectiveness of incorporating an LSTM-based
temporal module in capturing long-memory dynamics of air pollutant datasets. As shown in
Table 4, the E-STGCN and modified STGCN models provided the lowest forecast errors in several
months, including January, February, April, May, and August-November. For March and
December, the STARMA, ARIMA, and NBeats frameworks outperform the competitive forecast-
ing models, whereas in July, the ESTCGN framework accurately predicts the tail behaviour of the
dataset.

The 60-day and 90-day ahead forecasting results, as presented in Tables 5, 6, and 7, demon-
strate how the proposed E-STGCN architecture improves upon the baseline models for longer
forecast horizons. For both PM; 5 and PMy pollutants, our model delivers the most accurate fore-
casts and quantifies the extreme observations during the first two 60-day windows, improving
forecast accuracy by 9.73% over the best-performing baseline model. In the subsequent two fore-
cast periods (May—June and July—August), the GSTAR model performs best for PM; s levels, while
for PM;, the proposed model provides similar average performance as the GpGp and NBeats
frameworks and outperforms others in capturing the extreme patterns in the dataset. During
the September—October period, the E-STGCN framework achieves the lowest forecast error for
both pollutants. For the final medium-term forecast period of 2023, the ARIMA and the
E-STGCN model surpass the performance of all other approaches in terms of point-based and
distribution-based measures, respectively; however, their performance lagged behind E-STGCN
in modelling the extreme pollution levels during this period. For the medium-term and long-term
forecasting of NO, concentration levels, we observe similar patterns to those seen in the short-
term forecasts. The proposed E-STGCN and modified STGCN models generate similar results
and outperform the baseline models in most periods, except for July—August (in the medium-term)
and the last two long-term forecast windows, where NBeats, DeepAR, and ARIMA perform bet-
ter. For other forecast windows, the STARMA and GSTAR models offer competitive performance
compared to the best-performing frameworks. For the long-term forecasting task of PM; s, the
E-STGCN architecture performs well during the first and last quarters of 2023, when the data pre-
dominantly exhibits more extreme behaviour. During the summer months, the NBeats and
DeepAR frameworks provide more accurate forecasts of PM; s concentration levels. In case of
long-term forecasting of PMy, the proposed framework outperforms the competing models in
capturing overall concentration trends during the first two and the last quarters of 2023.
However, during the third forecast window (July—September), DeepAR, ARIMA, and NBeats
achieve superior performance for forecasting PMy levels.

The experimental results reported in our study align with the No Free Lunch theorem, which sug-
gests that any forecasting model performing best on a particular dataset is likely to perform poorly
on others (Wolpert & Macready, 1997). Overall, the E-STGCN framework consistently achieved
superior forecast performance across most tasks. Among the temporal models, ARIMA and
NBeats performed well, while from the spatio-temporal paradigm, most of the baseline architec-
tures, namely STARMA, GSTAR, GpGp, STNN, and STGCN, demonstrated competitive perform-
ance. The DeepKriging framework, however, performed poorly in most forecasting tasks due to
scalability issues, which hindered its ability to handle medium-sized spatio-temporal datasets.
Additionally, the performance of models like LSTM, TCN, DeepAR, and Transformers lagged be-
hind the E-STGCN framework due to their inability to capture the spatial dependencies associated
with pollutant transmission. We also observed that the proposed E-STGCN consistently
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outperformed or performed similarly to the modified STGCN model. This improvement arises from
the training mechanism in E-STGCN, which incorporates the POT-based loss function. By integrat-
ing information about threshold exceedances, this hybrid loss enables the framework to better cap-
ture spikes in pollutant concentrations over NAAQS, particularly during the onset and end of winter
months when extreme pollution episodes are most frequent. Since such extreme events often prompt
regulatory actions and public-health interventions, underestimating peak concentrations can delay
emergency responses and hinder timely policy implementation during high-risk periods.
Therefore, a model’s ability to accurately forecast pollution exceedances beyond regulatory thresh-
olds is critical for assessing its operational relevance. In this regard, the POT-based loss in E-STGCN
plays a key role by explicitly enhancing its ability to capture rare but impactful extremes, which con-
ventional temporal and spatio-temporal architectures often struggle to model. Consequently, the
empirical evaluation highlights that the E-STGCN framework offers reliable and operationally
meaningful predictions of air pollutant concentrations across different horizons.

Additionally, we evaluated the computational feasibility of the E-STGCN model and baseline
forecasters by recording the average training and inference time for each framework. Table 8 re-
ports the total time (in seconds) required to train the models and generate 90-day ahead (January—
March) forecasts for PM, 5 concentrations across all monitoring stations of Delhi using a single
core of an Intel i7 12th generation processor. Among the statistical approaches, ARIMA and
STARMA require the least training time due to their low parameter complexity. In contrast,
temporal-only deep learning models, particularly the Transformer and NBeats architectures, incur
higher training durations due to their attention mechanisms and deep neural architectures, re-
spectively. For spatio-temporal models, STGCN and modified STGCN require moderate training
time, while the computational intensity of the GpGp framework increases its training duration.
The proposed E-STGCN requires comparable training time to that of standard STGCN, despite
the inclusion of an LSTM network in the temporal module and EVT-based loss function. While
training times vary across models, inference remains fast across different frameworks except for
GpGp and DeepKriging. This runtime analysis underscores that while E-STGCN introduces
some additional computational demands, it remains competitive in terms of both training and in-
ference time, and thus is well-suited for near real-time forecasting applications.

4.6 Statistical tests for model robustness

To validate the robustness of our experimental results, we employ multiple comparison with the best
(MCB) test (Koning et al., 2005) and the Diebold-Mariano (DM) test (Diebold & Mariano, 2002).
The MCB test aims to identify the ‘best’ forecasting model among all F architectures based on their
performance across D datasets. For a specific evaluation metric, this nonparametric procedure ranks
all models based on their performance across different forecasting tasks and computes the mean
rank. The model with the lowest mean rank is considered the ‘best’ forecasting architecture.
Next, the critical distance (CD) for each of the F models is computed as dy/F(F + 1)/6D, where
Jy represents the critical value of the Tukey distribution at significance level 6. The CD of the ‘best’
performing model serves as the reference value against which all other models are compared. We
apply the MCB test and visualize the results based on the deterministic RMSE and distribution-based
CRPS metric for PM; 5, PMy,, and NO; in Figure 8. From the MCB plots (based on RMSE), we
observe that the proposed E-STGCN architecture achieves the ‘best’ performance, with a minimum
rank of 3.27 for PM; 5 and 2.34 for PM datasets. The MCB test results based on the probabilistic
CRPS metric showcase that the E-STGCN framework outperforms other models in capturing the
overall patterns in the dataset, hence achieving the least rank of 2.77 for PM; s and 2.70 for
PMq datasets. For NO, forecasting, the performance of E-STGCN and modified STGCN is similar,
and they jointly obtain the lowest rank of 2.41 (in terms of RMSE) and 2.59 (in terms of CRPS).
Among the competing models, the modified STGCN, NBeats, and ARIMA frameworks consistently
showcase better performance, having competitive ranks with E-STGCN. Spatio-temporal models
such as GSTAR, STGCN, STARMA, and GpGp outperform the majority of the time-dependent
frameworks by effectively capturing space—time correlations. Moreover, the CD values for most
of the baseline models lie above the reference value (shaded region), indicating that their perform-
ance is significantly worse than the ‘best-fitted’ E-STGCN model. Additional MCB test results based
on the other deterministic and probabilistic evaluation metrics, provided in online supplementary
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Figure 8. The multiple comparison with the best (MCB) test results for (a) PMy s, (b) PM1q, and (c) NO, pollutant
concentration levels based on root mean squared error (RMSE; upper panel) and continuous ranked probability score
(CRPS; lower panel) metric. In the figure, for example, ‘E-STGCN-3.27" means that the average rank of the proposed
E-STGCN algorithm based on the RMSE metric is 3.27 for the PM, 5 dataset; the same explanation applies to other
algorithms and datasets. The shaded region depicts the reference value of the test.

material, Figures A.1 and A.2 of Appendix A.4, show similar patterns. Overall, the MCB test results,
evaluated using both average and distributional forecast metrics, highlight that the proposed
E-STGCN approach consistently produces accurate forecasts and effectively captures extreme con-
centration levels across various air pollutants.

Next, we employ the DM test to assess whether the forecasting performance of the proposed
E-STGCN framework significantly differs from that of the baseline models. Specifically, for any
baseline architecture A and the proposed E-STGCN model, we compute the multivariate loss dif-
ferential series for a given station as

fa= X=X - X - X sTen)

where X! represents the ground truth data for station i at time ¢ with 3\(; E-STGCN and 5\(; 4 being
the corresponding forecasts generated by the E-STGCN and model A, respectively. This statistical
testing procedure checks whether the expected loss differential is zero using the DM statistic as
i
DM statistic for station i = ﬁa—f\,
A

where g is the forecast horizon, 1, and o/, are, respectively, the sample mean and standard devi-
ation of the loss differential series Ai, 1~ Using this statistic, we test the null hypothesis
Hy: [E(A;’A) <0 against the alternative Hj :[E(Ai’A) > 0, where E(-) denotes expectation. If the
p-value of the test is less than the significance level, we reject Hy and conclude that the forecasting
performance of the E-STGCN framework is superior to that of A architecture. In our analysis, we
conduct the DM test to assess the statistical significance of the performance differences between
E-STGCN and the second and third-best-performing baselines, modified STGCN and NBeats.
Figure 9 present the test results for forecasting PM; s and PMy, concentrations during the
October-November-December period. This plot evaluates the station-wise forecasting perform-
ance of E-STGCN with the benchmarks, where the X-axis represents station indices and the
Y-axis indicates DM test statistics. A positive DM test statistic value indicates the superiority of
the E-STGCN over the baselines, while a negative value suggests that the baselines perform better.
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As highlighted in the plot, the E-STGCN method performs similarly to or better than the base-
lines across most stations, except for PM; 5 forecasting of CRRI Mathura Road (station no. 7),
where modified STGCN achieves superior results. Moreover, the significant p-values at 1%,
5%,10%,and 20% levels are marked using orange, green, blue, and violet-coloured stars, respect-
ively. As evident from Figure 9, E-STGCN significantly outperforms NBeats for PM; s forecasting
in 19 out of 37 stations at a 1% significance level. Compared to modified STGCN, E-STGCN dem-
onstrates significantly different performance for multiple stations at varied levels. For the PMy
forecasting, we observe that E-STGCN achieves significantly better results than both the modified
STGCN and NBeats for several monitoring stations at 1% and 5% levels of significance. The over-
all findings of the DM test are consistent with the MAE metrics reported in the experimental eval-
uations. Hence, this test underscores the statistical significance of our findings. For NO,
concentration levels, the forecasts from the E-STGCN and the modified STGCN models are
very similar due to the absence of many significant extreme observations, resulting in
Ai,STGCN ~ 0, rendering the DM statistic undefined in this case.

4.7 Uncertainty quantification

In addition to producing the point forecasts of the air pollutant concentrations through the
E-STGCN approach, we quantify the uncertainty inherent with these forecasts using the conform-
al prediction technique (Vovk et al., 2005). This distribution-free approach generates the prob-
abilistic intervals around the point estimates based on a conformal score (y,). The computation
of y, at time ¢ involves modelling p-lagged values of the target series X, using both E-STGCN
and an uncertainty model ¢ as follows:

IX; — E-STGCN (X, )|
U(Xi-p)

Ve =

Subsequently, using the sequential nature of X, and y,, we derive the conformal quantile by apply-
ing a weighted aggregation technique with a fixed window {v; = 1(y > t — v), y <t} of size v as

, 1 =

K, =inf{w: -—Z?’y"x>1 -pt,
min(v, y — 1) pr

where p is the significance level. Then, the computation of the conformal prediction interval using

the conformal quantiles x; can be expressed as

[E-STGCN(X,_,) + ki (Xip)]

In Figure 10, we present the point and interval estimate of air pollutant concentrations generated
by the E-STGCN model along with the results of the two best-performing models, modified
STGCN and NBeats, as identified by the MCB plots in Section 4.6. The conformal prediction in-
tervals demonstrated in Figure 10 are calculated with p = 0.20 for three selected forecasting scen-
arios. The plot highlights the generalizability of the proposed E-STGCN model in providing
valuable insights about air pollutant concentration levels, mainly modelling their threshold ex-
ceedance values. These findings are pivotal for environmentalists in designing awareness and miti-
gation strategies.

5 Policy implications

Rapid urbanization and industrialization have significantly impacted air quality in many develop-
ing and underdeveloped countries. In its 2021 Global Air Quality Guidelines (AQGs), WHO rec-
ommended critical air pollutants such as PM, NO;, SO,, O3, and CO based on their effects on
mortality and human health. Among these, PM and NO; have gained particular attention from
air quality researchers due to their direct links to increased mortality, as evidenced in epidemio-
logical studies (Olaniyan et al., 2020). NO; is a highly reactive gas primarily emitted from
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Figure 9. Diebold-Mariano (DM) test results comparing (left) extreme value theory guided modified spatio-temporal
graph convolutional networks (E-STGCN) and modified spatio-temporal graph convolutional networks (STGCN), and
(right) E-STGCN and NBeats for forecasting PM, s (upper panel) and PMy, (lower panel) pollutant concentrations
over the 90-day OCT-NOV-DEC forecast window. The Y-axis represents DM test statistic values based on the mean
absolute error (MAE) metric, while the X-axis indicates the monitoring station indices. Stars denote significant
p-values, with colours representing 1% (orange), 5% (green), 10% (blue), and 20% (violet) significance levels,
respectively.

automobile exhaust, power plants, and industrial machinery. In urban areas, NO; levels are main-
ly driven by the transportation sector. For instance, the urban regions of North America and
Europe often report higher NO; despite low levels of PM, 5 and PMy (Jietal., 2022). It was found
that acute exposure to NO; can aggravate respiratory diseases, such as asthma and other pulmon-
ary symptoms, although no causal relationship between NO, exposure and health mortality was
established (Faustini et al., 2014). On the other hand, PM comprises a mix of acids (such as ni-
trates and sulphates), organic chemicals, metals, soil, dust particles, and allergens. These particles
originate from various sources like fossil fuel combustion, industrial emissions, construction activ-
ities, wildfires, stubble burning, and household cooking. In Delhi, PM levels frequently exceed the
NAAQS, even when NO; concentrations remain relatively low (Abirami & Chitra, 2021). It is
particularly critical as PM is identified as a causal factor for cardiovascular and respiratory mor-
tality and remains a serious concern for India’s capital. Given that the population of Delhi and the
National Capital region (NCR) of India is particularly vulnerable to PM exposure, which can
cause health emergencies, this study aims to forecast PM levels in Delhi by considering extreme
behaviours of air pollutants. The proposed E-STGCN framework offers a technological solution
for real-time monitoring and forecasting of hazardous air pollutants in Delhi. This approach is
particularly valuable when extreme observations and nonlinear patterns characterize the observed
spatio-temporal data. The proposed methodology has the potential to advance future research en-
deavours on enhancing air quality forecasting models and to promote environmental sustainabil-
ity. Although E-STGCN has been developed specifically for air pollution data in this study, it can
also be extended to other applied fields, including epidemiology, seismology, and transportation
research, where similar patterns of extreme events and complex dependencies are frequently
observed.
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Figure 10. Upper panel presents ground truth (red dots) PM, 5 pollutant concentrations monitored at (a) DTU, (b) Dr.
Karni Singh Shooting Range, and (c) IGI Airport stations during February 2023 window and corresponding point
forecasts of E-STGCN (blue line), modified STGCN (green line), and NBeats (violet line) framework. The conformal
prediction interval (yellow-shaded) of the E-STGCN model quantifies the associated uncertainty. The lower panel
highlights similar information about PM;o concentrations monitored at the corresponding stations.

6 Conclusion

Accurate air quality forecasting remains a challenging problem due to complex spatio-temporal de-
pendencies in pollutant concentration levels. Pollutants such as PM; 5, PMy,, and NO; often ex-
hibit extreme behaviours while also displaying nonlinear and nonstationary properties. Among
these hazardous pollutants, PM; s and PM;o concentrations are consistently high in some of the
world’s majorly polluted cities, leading to serious health hazards and restricting economic growth.
In particular, air pollution levels can intensify with seasonal variations. For instance, in Delhi, the
concentration of PM; s and PMyj increases rapidly during winter due to low wind speed, stubble
burning, firecracker emissions, and other contributing sources. To address these challenges, public
awareness through early warning systems is of paramount importance.

In this study, we propose the E-STGCN model, which aims to provide actionable insights by
generating real-time forecasts of air pollutant concentrations. Our approach bridges the gap be-
tween existing EVT-based models, which focus on predicting extreme behaviour, and data-driven
forecasting methods that predict future trajectories without accounting for the tail behaviour of
the extreme observations. By integrating EVT knowledge with modified spatio-temporal GCNs,
our proposed framework effectively performs spatio-temporal forecasting while tackling extreme
observations. Experimental results, conducted on real-world air pollutant data (daily frequencies)
of PM; 5, PMy, and NO; from 37 monitoring stations in Delhi demonstrate that the E-STGCN
approach is well suited for predicting the future dynamics of nonlinear and nonstationary datasets
with spatio-temporal dependence and extreme events. Additionally, the model generates appropri-
ate probabilistic bands along with point forecasts, enabling environmental advocates to monitor
air pollution trends and design effective control strategies. Further, the forecastability and statis-
tical significance tests conducted in this study verify the effectiveness and robustness of the pro-
posed architecture for air pollution forecasting over various time horizons.

An interesting avenue for future research is to identify various climatic, transportation, and in-
dustrial indices that have a causal impact on rising air pollution levels. Future studies could ex-
plore how incorporating these causal covariates might enhance the accuracy of the E-STGCN
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approach. Additionally, assessing model performance on BM (e.g. monthly or seasonal peaks)
could offer deeper insights into the model’s ability to forecast extreme events. Such an evaluation
would complement the EVT-guided training objective by directly linking statistical tail modelling
to empirical performance during high-impact pollution events. Another potential direction would
be to extend the air pollution modelling capabilities of E-STGCN on a global scale, analysing its
impact on pollution-related mortality and morbidity.
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