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Accurate and interpretable air pollution forecasting is essential for public health and
proactive intervention. While deep learning models have achieved strong performance
in long-horizon forecasting, they often require aligned historical sequences and provide
limited interpretability. To address these limitations, we propose a novel Transformer-
based framework that integrates historical observations with auxiliary forecasts to
enhance predictive performance while providing built-in interpretability. The framework
introduces two core components: a Structured Temporal Embedding Module (STEM)
for preserving the semantic integrity of heterogeneous inputs, and an eXplainable
Target-Oriented Cross-Attention (X2-Attention) mechanism that aligns future
predictions with known inputs to yield fine-grained attribution for each forecasted
timestep across both temporal and feature dimensions.

Evaluated on diverse urban and suburban datasets in Stockholm, our model
simultaneously delivers reliable interpretability and superior predictive accuracy.
Compared to five baselines (TimeXer, Crossformer, iTransformer, Transformer and
LSTM), it exhibits significantly lower Mean Squared Error (MSE) for NOx and
competitive performance for PM10 across horizons up to 720 hours. Ablation studies
reveal that incorporating auxiliary forecasts reduces MSE by 29% for NOx and 15% for
PM10. Moreover, the X2-Attention mechanism generates plausible feature attribution
validated through perturbation analysis. Its attributions are consistent with
GradientSHAP while avoiding prohibitive computational overhead, thereby facilitating
efficient air quality forecasting.
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Dear Editor,

On behalf of all authors, I am pleased to submit our research manuscript, titled “Interpretable
Long-Horizon Air Pollutants Forecasting using A Transformer-based Framework”, for
consideration in your journal. This study proposes an explainable Transformer-based
framework for long-horizon forecasting of NOx and PMio concentrations. The proposed
approach features a novel attention mechanism, termed X2-Attention, providing built-in,
timestep-wise interpretability.

Most existing data-driven models rely strictly on aligned historical observations and often face
a trade-off where accuracy is prioritized at the expense of transparency. The submitted
manuscript addresses the limitation by proposing a modelling framework comprising a
Structured Temporal Embedding Module (STEM), which integrates heterogeneous forecasted
variables, and an eXplainable Target-Oriented Cross-Attention (X2-Attention) mechanism that
attributes each forecast to its influencing factors. Together, these components improve long-
horizon accuracy while providing detailed interpretability.

Extensive evaluations across multiple monitoring sites in Stockholm demonstrate that our
model consistently outperforms state-of-the-art deep learning baselines for forecasting horizons
of up to 720 hours. Ablation studies further confirm the value of incorporating forecasted
variables, yielding a significant improvement on MSE over models trained only on historical
data.

To the best of our knowledge, this is the first multi-horizon forecasting model to offer built-in
timestep-wise interpretability. The reliability of the explanations is comparable to that of the
established GradientSHAP method yet comes without any additional computational cost. This
capability is critical for supporting trustworthy decision-making in operational settings.

We believe this work makes a significant contribution in interpretable long-horizon time-series
forecasting, especially in the domain of air pollutant prediction. The manuscript should be of
broad interest to the readership of your journal. Thank you for your time and consideration.

Sincerely,

Xiaoliang Ma,

the corresponding author
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Response letter for reviews of “Interpretable Long-Horizon Air Pollutants Forecasting
using A Transformer-based Framework”
Referee comments in black and replies in blue, italics.

Replies to Referee #1
All issues raised have been resolved.

Reply:
We sincerely thank the reviewer for the insightful and constructive feedback.

Replies to Referee #2
This manuscript proposes an interpretable Transformer-based framework for long-horizon air

pollutant forecasting by integrating historical observations with heterogeneous auxiliary
forecasts. The authors introduce two components: a Structured Temporal Embedding Module
(STEM) and an explainable target-oriented cross-attention mechanism (X2-Attention),
aiming to jointly improve forecasting accuracy and interpretability. The topic is highly
relevant to the ESWA readership, and the manuscript is well structured and experimentally
rich. However, several critical issues remain before the work can be considered for
publication. These issues mainly concern:

Reply:

We sincerely thank the reviewer for the constructive comments and rigorous evaluation. We
have revised the manuscript and performed further statistical analyses to address the
concerns raised.

Specifically, two-sided paired t-tests and effect sizes were implemented to ensure statistical
rigor. We have also refined the figures for better clarity and updated the text to more
precisely articulate our methodological contributions and their distinctions from existing
work.

[1] While the authors emphasize STEM and X2-Attention as key innovations, their
conceptual distance from existing architectures (e.g., cross-attention in Transformers)
remains partially incremental. What cannot be achieved by standard encoder-decoder
attention or TFT-style gating, but is enabled by X2-Attention?

Reply:

We have revised the Introduction and Related Work to explicitly state why standard attention
mechanisms and the Temporal Fusion Transformer (TFT) are insufficient. Traditional
approaches typically generate attribution scores that are aggregated over the entire forecast
range, lacking the resolution to provide independent contribution analysis for specific future
timesteps.



This is critical because predictive drivers often exhibit time-varying influence across the
forecast horizon. In air quality forecasting, the weight of historical observations naturally
decays over time while the influence of forward-looking variables (e.g., meteorological
forecasts) evolves. X2-Attention explicitly captures this dynamic transition, whereas standard
cross-attention and TFT provide only a static representation.

[2] Although the authors conduct perturbation experiments and compare with GradientSHAP,
the interpretability evidence still relies heavily on attention weights, which are known to be
not necessarily causal. The manuscript also occasionally uses strong language such as
"faithful" or "trustworthy", which may be overstated.

Reply:

Wf ciigree that attention weights represent empirical associations rather than strict physical
causality [1][2]. We have moderated the descriptive language throughout the manuscript,
replacing terms such as “faithful” or “trustworthy” with more neutral terminology,
including “fidelity” and “plausible”. We also added a discussion in the Conclusion section
regarding the inherent limitations of attention-based interpretability to provide a balanced
perspective.

[3] The addition of a suburban station (Hallunda) is a positive step. However, all datasets still
originate from the same metropolitan region.

Reply:

The primary objective of this study is to support the operational air quality management
system for the Stockholm region. While the datasets are from one metropolitan area, the
Hallunda station represents a significant environmental shift.

We have added a statement in the Conclusion section acknowledging that testing on
geographically diverse cities remains a focus for our future research.

[4] The data and code are only available upon request. While understandable due to
municipal constraints, this still limits reproducibility.

Reply:

Thank you for this point. We are actively working toward open-source licensing of the data
and code, though this effort is currently subject to municipal reviews. In the interim, the
request protocol remains available to interested researchers.

[5] Introduction and motivation sections are still overly long. Several paragraphs repeat
similar arguments regarding auxiliary forecasts and interpretability.



Reply:

Thank you for the suggestion. We have conducted a proofreading to improve conciseness. We
refined Introduction section to focus on the core research gaps and motivations. Redundant
arguments have been consolidated while detailed technical background information was
moved to the Related Work section.

[6] Clarify whether "interpretability" refers to feature attribution, temporal attribution, or
both.

Reply:

We have clarified in the Introduction and the Methodology sections that our definition of
interpretability encompasses both feature attribution and temporal attribution. The X2-
Attention mechanism identifies which features are important and which historical or future
time windows are most relevant for specific prediction.

[7] The use of one-sided t-tests should be explicitly justified. Consider adding effect sizes or
confidence intervals where possible.

Reply:

We appreciate the reviewer’s suggestion. To ensure statistical rigor, we have replaced the
one-sided tests with two-sided paired t-tests for all comparisons. The updated t-test results
are integrated into Table 1 and Table C.4, C.11 D.13-14 in the Appendix. Furthermore, we
have provided corresponding effect sizes of Cohen’s d method for street-canyon sites in Table
C.12 and the Hallunda site in Table D.15.

While two-sided p-values are naturally higher than one-sided ones, our primary conclusion
remains robust: When evaluating the average performance across all horizons, our model
achieves significant gains for the two pollutants. We have updated the manuscript to ensure
that the term “significantly” is used strictly according to these two-sided test results.

Due to the limited sample size (n=5 independent runs), p-values may be sensitive to small
variances, potentially leading to lower statistical power. Cohen’s d thus provides a crucial
complement by quantifying the magnitude of improvement. For instance, at the 24-hour
horizon for NOx, while the p-value (0.06) slightly exceeds the 0.05 threshold, the large effect
size (d=1.15) indicates a practical improvement over the second-best baseline. These metrics
collectively demonstrate that our model's gains are meaningful.

[8] Some figures would benefit from clearer legends and axis descriptions.



Reply:

Thank you for the reminder. We have increased the font sizes for legends and axis labels in
Figures 6, 7 and 11, as well as the corresponding figures in the Appendices (Figures C.14—
C.15), to ensure better readability.
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Abstract

Accurate and interpretable air pollution forecasting is essential for public
health and proactive intervention. While deep learning models have achieved
strong performance in long-horizon forecasting, they often require aligned
historical sequences and provide limited interpretability. To address these
limitations, we propose a novel Transformer-based framework that integrates
historical observations with auxiliary forecasts to enhance predictive perfor-
mance while providing built-in interpretability. The framework introduces
two core components: a Structured Temporal Embedding Module (STEM)
for preserving the semantic integrity of heterogeneous inputs, and an eX-
plainable Target-Oriented Cross-Attention (X2-Attention) mechanism that
aligns future predictions with known inputs to yield fine-grained attribution

for each forecasted timestep across both temporal and feature dimensions.
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Evaluated on diverse urban and suburban datasets in Stockholm, our model
simultaneously delivers reliable interpretability and superior predictive ac-
curacy. Compared to five baselines (TimeXer, Crossformer, iTransformer,
Transformer and LSTM), it exhibits significantly lower Mean Squared Er-
ror (MSE) for NOx and competitive performance for PM;q across horizons
up to 720 hours. Ablation studies reveal that incorporating auxiliary fore-
casts reduces MSE by 29% for NOx and 15% for PM;q. Moreover, the
X2-Attention mechanism generates faithful-plausible feature attribution val-
idated through perturbation analysis. Its attributions are consistent with
GradientSHAP while avoiding prohibitive computational overhead, thereby
facilitating trustworthy—and-efficient air quality menitering—

forecasting.
Keywords: Multi-horizon Forecasting, Explainable AI, Meteorological
Forecast Integration, Air Quality and Health Risk

1. Introduction

Air pollution is a pressing global environmental challenge, imposing sub-
stantial detrimental effects on public health and economic development (WTO)|
2024)). Consequently, accurate and interpretable multi-horizon forecasting of
air pollutant concentrations is essential for developing effective environmental
policies and enabling proactive public health interventions. Accurate fore-
casts allow individuals to implement timely mitigation measures (Laudan
et al.l 2025), while interpretability is indispensable for building public trust
and ensuring the credibility of decision-support systems (Tang et al. 2024)).
Air pollutant forecasting is primarily approached through two p-aradigmsparadigms:



physics-based models and data-driven models. Operational systems often
rely on numerical models grounded in physical principles ;sueh-as-Gatssian

dispersion—and—chemieal—transport—medels—(Ottosen et all 2015 [CAMS|
2017). Although these models provide physical insights, they suffer from

high computational costs and error accumulation over extended horizons

(Gidhagen et all, 2005} [Brasseur and Jacobl 2017). In contrast, data-driven

approaches have demonstrated superior performance in capturing non-linear
relationships between pollutant concentrations and key drivers such as me-

teorology and traffic flow (Qiu et al. [2023; [Méndez et all 2023} [Li et al.|

2025). However, maintaining accuracy over longer horizons remains a sig-
nificant challenge. Many models rely exclusively on historical observations

(Gerges et al. [2024; [Yu et al., 2025; Hu et al., [2025)). This reliance ignores

erttetat-forward-looking informationabeut—, such as anticipated atmospheric
conditions and scheduled emission dynamics, which directly influence long-

term pollutant dynamics.

Integrating histerieal-observations—withforward-loekingpredietions—ean

—Heweverthisstrategy-these auxiliary forecasts introduces a dual challenge

of heterogeneous data alignment and complex dependency modelingaeross
time-andfeatures. As illustrated in Figure [I(a), forward-looking data from

different forecasting systems often vary in variable types, horizons, and tem-

poral resolutions. Standard alignment techniques steh-as-interpolation—fre-
quently distort intrinsic temporal patterns (Liu et al. [2024; Bertrand et al.|

2023). Furthermore, pollutant dynamics are driven by the asynchronous

coupling of historical accumulation and forecasted external drivers (Di et al.,
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Figure 1: Interpretable long-horizon forecasting with heterogeneous inputs. (a) Integration

of historical records (solid lines) and multi-source forecasts (jagged segments) with varying
temporal coverage. (b) Fine-grained interpretability, where the heatmap illustrates the
contribution of each feature segment (columns) to specific future horizons (rows). (¢) The
proposed model achieves an average 29 % MSE reduction for NOx within 1-3 day horizon

by effectively leveraging forward-looking variables.

2019). This complexity requires models that can jointly represent temporal
dynamics and cross-feature interactions. Classic neural architectures, includ-
ing Recurrent Neural Networks (RNNs) or standard Transformers, generally

prioritize either temporal trends or feature correlations, which can limit their

effectiveness in long-horizon air quality prediction (Munkhdalai et al. |2022;

Zhang et al.| |2023a; [Wang et al., [2023).

Beyond predictive accuracy, interpretability remains a persistent bottle-

neck in multi-horizon forecasting due to structural limitationsef-prevailing

architeetures—Many meodels-become-opague-attersueeessive-._In Transformer-based
architectures, attention mechanisms operate on latent representations that
have undergone multiple non-linear transformations—which-compheatesattribution



eneodinglayers-before the-attention-meehanism—Ihe-projections and normalizations
(Zhou et al.. 2021} |Liu et al., 2023). This semantic ambiguity means that re-
sulting attention weights eften—refleet—relationshipsbetween—abstractlatent

. hert] . . Butionsof disti hysicalvariabl i
time-segments—hhereflect abstract correlations between hidden states rather

than traceable contributions of physical variables, thereby obscuring the
model’s decision-making logic. While interpretable models like the Tem-
poral Fusion Transformer (TFT) partisly-mitisatesthis-issue-by-decoupling

and-infuential-historieal-moments—areshared—aeress—the-introduce variable

selection, they typically generate feature weights for the entire forecast se-

quence ;—thus—the—modeltaeks—the—timestep-wise—(Lim et al.| [2021). Such
horizon-static explanations lack the resolution to reveal how these attribu-

tions dynamically evolve for each individual future peint—timestep. Neglectin

this attribution drift is particularly problematic in long-term forecastin
where the influence of historical observations naturally diminishes over time
while the relevance of forward-looking variables gradually takes precedence.

To address these limitations, we propose a novel Transformer-based frame-
work that unifies predictive performance with fine-grained interpretability.
The framework consists of two key components: a Structured Temporal
Embedding Module (STEM) and an eXplainable Target-Oriented Cross-
Attention (X2-Attention) mechanism.



Unlike existing Fransformer-based-architectures, our design prioritizes se-
mantic preservation to support joint interpretability across temporal and fea-
ture dimensions. Specifically, STEM module encodes heterogeneous inputs,
including pollutant measurements, meteorological forecasts, and determinis-
tic model outputs, into a structured representation that retains the identity
of each feature. Building on this, the X2-Attention mechanism utilizes learn-
able queries that represent future forecast targets. By operating directly
on physically meaningful segments of each feature, the model establishes an
explicit link between future predictions and specific inputs, as conceptually
shown in Figure (b) This design preserves the long-sequence modeling capa-
bilities while-previding-and provides joint temporal-feature attributionaeress
thedoreeast-window, which simultaneously identifies key driving features and
their critical time windows for each individual forecasted timestep.

Our primary contributions are summarized as follows:

e Structured Encoding: We develop the STEM module to effectively

align and-encode-heterogeneousinputsheterogeneous observations and
auxiliary forecasts, significantly enhancing forecasting performanceby

s, as shown in Figure [I](c).

e Explainable Mechanism: We propose the X2-Attention mechanism

to provide fine-grained importance attributions for each forecasted timestep,

knewn-inputsrevealing the dynamic shift of predictive drivers across the

forecast horizon.

e Reliable-Validated Interpretability: We validated the reliability



empirical fidelity of X2-Attention through perturbation analysis and

consistency evaluations with GradientSHAP, providing trustwerthy-plausible

explanations without the prohibitive computational overhead of post-

hoc interpretability-methods.
Extensive experiments validate—the—advaneed—on urban and suburban

datasets in Stockholm validate predictive accuracy of the proposed framework
against five competitive baselines for prediction horizons up to 720 hours, in-
cluding TimeXer (Wang et al., [2024)), Crossformer (Zhang and Yan, 2023),
iTransformer (Liu et al., 2023), Transformer (Zhou et al., |2021)), and LSTM-
Seq2Seq (Zhou et al., 2019)).

‘ lietion horizons ine f 04 07901 .
Overall, our model delivers built-in, fined-grained interpretability along-

side superior predictive accuracy—+these-findings-highlieht-, highlighting the

potential of forecast-informed, interpretable architectures for long-horizon air

pollutant predictions.

2. Related Work

This section reviews three areas relevant to our contribution: the inte-
gration of auxiliary forecasted variables, multi-horizon forecasting modeling,

and interpretability in data-driven models.

2.1. Air Pollution Forecasting with Forecasted Variables
Air quality dynamics are governed by complex interactions between pol-
lutant emissions and atmospheric physics. Traditionally, physics-based mod-

els have been the dominant choice for operational forecasting. At regional

7



scales, chemical transport models such as WRF-Chem and CMAQ simulate

pollutant formation and transport using meteorological forecasts and emis-

sion inventories 5 - +
deplovedin large-scale servieessueh-as-the CoperniensAtmosphere Monitoring
Serviee{|(CAMS 2047} (Tuccella et al., 2012; [Appel et al, 2017 |[CAMS| |2017)

. At the micro-scale, the Operational Street Pollution Model leverages local-

ized information, such as street geometry, to provide high-resolution forecasts

(Ottosen et al., [2015). While these models offer physical interpretability;

they—remain—consistent, they are computationally intensive and sensitive to

input uncertainties, often leading to error accumulation over long horizons
(Gidhagen et al., 2005)).
In contrast, many data-driven methods learn—nen-linear—relationships

ral-data—Manystudiesineerperate—auxiliary-have

integrated forecasted variables, such as meteorology and remote sensing, to

enhance predictive performance o i -

times (Tang et al., 2024; |Zhang et al., [2023b} [Li et al., 2025). Meteorologi-



cal forecasts have been used to predict NOx up to 72 hours, PMs 5 up to 120
hours, and O3z up to 216 hours (Zhang et all [2024; Liu et al., 2024; Zhang
et al.,|2023a). Deterministic model outputs have also been integrated for bias
correction (Sayeed et al., 2021} |Qiu et al., [2023)). However, these efforts typi-
cally rely on simple concatenation or interpolation to align multi-source data
(Bertrand et al., [2023; [Liu et al., 2024), which may obscure intrinsic temporal
patterns and fail to maintain the semantic distinction between different data
sources. Inspired by patch-based embedding in computer vision and time-
series modeling (Dosovitskiy et al., 2020; Nie et al., 2022), this study proposes
a structured embedding strategy that accommodates variable-length inputs

while preserving their semantic and temporal integrity.

2.2. Multi-Horizon Air Pollution Forecasting

Multi-horizon forecasting methods generate predictions for all future time
steps simultaneously, which provides continuous trajectories and mitigates
the error accumulation common in single-step models (Lim et al [2021}; Bi
et al., 2022). Early multi-horizon forecasting primarily utilized RNNs and
their variants (Zeng et al., |2022; |Li et al., 2023). However, their sequential
computation and limited receptive field constrain scalability and long-range
dependency modeling (Bai et al., 2018).

Transformer-based models have become prominent due to self-attention
and parallel computation. Representative variants, such as Informer and
Autoformer, introduced sparse attention and series decomposition to handle
long-horizon forecasting (Zhou et al., [2021; |Wu et al 2021). While effec-
tive for capturing temporal trends, these models often construct tokens by

merging all variables at each time step, which can obscure cross-feature in-

9



teractions and reduce flexibility for heterogeneous inputs (Yu et al. |2023;

Feng et al., 2023; Tian et al., 2024). In response, feature-centric models such

as iTransformer apply attention across the variable dimension (Liu et al.

2023)), and PatchTST utilizes sub-series patching to enhance local semantic

extraction (Nie et al., 2022)). While these methods emphasize cross-variable

interactions, they may do so at the expense of representing the intricate tem-
poral dynamics within each feature. Hybrid designs such as Crossformer and
TimeXer attempt to bridge temporal and feature dimensions
Yan|, [2023; Wang et al. [2024; Zhang et al., [2025). Their effectiveness has

primarily been validated on datasets with strong periodicity like electricity

consumption (Chen et al.). Air quality forecasting involves highly irregular

and volatile dynamics driven by the asynchronous coupling of historical ac-

cumulation and sudden meteorological or emission changes (Di et al.,[2019).

However, the capacity of these models to handle such complexities remains

largely unproven.

2.3. Interpretability in Air Pollution Forecasting

Interpretability is a central concern in environmental applications where

model transparency affects trust and adoption (Rudin, [2019; [Houdou et al.,

2024])). Existing interpretability approaches are categorized as model-intrinsic

or model-agnostic (Molnar, 2020). Intrinsic interpretability integrates ex-
planatory strueturestructures directly into the model. Some hybrid pipelines

combine deep learning with linear or correlation-based components bt

Munkhdalai et al., [2022; [Yang et al
. while tree-based ensembles like Randem—Forest-provide global feature im-

10



portance rankings ¥

—Whileuseful-Horgeneral( BrelmanL 2001; Hou et al., |2022). Although effective
for initial variable screening, these statie—rankingsaretoo—coarse-grained—te
eapture—the—dynamieshifts—infeaturerelevaneemethods typically produce
temporally invariant rankings. By aggregating contributions across the entire
input_window, they fail to_distinguish between immediate precursors and
distant historical trends, thereby smoothing over critical, time-sensitive physical
signals.

In Transformer-based forecasting, attention weights are often treated as
vet these explanations remain ambiguous due to structural limitations. In
standard Encoder-Decoder architeeturestike-Autoformer——the-self-attention

—Asframeworks like Autoformer or Informer, the original physical identity of
variables is often attenuated as raw inputs pass through these-deep-eneoding

deep non-linear encoding layers (Zhou et al.l 2021; Wu et al., |2021)). The re-

sulting attention maps reflect abstract correlations between latent hidden

states rather than the—direet-—traceable contributions of speeifie—physieal

variablesor-historieal-seementsphysical variables, creating a ”semantic gap”

in interpretability.
The Temporal Fusion Transformer (TFT) effers—an—influential-intrinsie

introduced an influential design by combining variable selection networks

(VSN) with self-attention (Lim et al.| 2021). Although it-previdestimestep-wise
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variable-weightingtheseleeted-VSN provides input-side attribution to identif

relevant features at each historical moment, these features are subsequently

compressed into a fused representation before temporal-decoding. This fusion
obscures the specific contributions of individual features at-eritieal-historieal

mementsduring the prediction phase. Furthermore, the-explanations-generated
by pertainTEFT’s explanations are largely horizon-static, pertaining to

the entire forecast sequence as a single entity rather than to each diserete-fu-

ture timestep. Theunderlving drivers of aforecast often shift from short-term

This
neglects the inherent ”attribution drift” in atmospheric dvnamics, where

overning drivers evolve as the forecast lead-time increases.
Post-hoc model-agnostic techniques, such as Shapley Additive Expla-

nations (SHAP) and Permutation Importance, are frequently applied as
external evaluators. Permutation method assumes feature independence,

a premise that fails to hold under the strong multicollinearity of atmo-

spheric variables (Casalicchio et al., 2019)). SHAP offers a more theoretically
grounded feature attribution based on Cooperative Game Theory (Lund-
berg, 2017; |Gu et al. 2021} [Liu et al), 2024). However, applying SHAP

to transformer-based models presents significant practical barriers. The
method’s reliance on extensive sampling makes it computationally prohibitive
for many real-world applications. Additionally, the reliability of post-hoc ex-
planations remains a concern, as they can be manipulated to conceal model
biases, potentially leading to misleading interpretations and flawed conclu-

sions (Rudin, 2019; [Slack et al., |2020)).
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3. Methodology

3.1. Problem Definition

Multi-horizon air pollution forecasting aims to predict the future concen-
trations of a target pollutant over a prediction horizon ¢. Let x;i1.441¢ =
[a:tﬂ, Tiao, .- ,xtH} € R’ denote the sequence of future target values, where
x, is the pollutant concentration at time k. We learn a mapping function F

that predicts

Xtt1:t40 = f<it7n+1:t7 thn+1:t+m¢ )7 (1)

where X;_, 114 denotes the historical pollutant observations in a look-back
window of length n, and Z is the set of C' auxiliary variables available at

training and inference,
2 nititm, = {Zi—n-i-l:t-i-mi cRY |i=1,....,0, Ti=n+ mi}. (2)

Each feature vector z' concatenates n historical values with m; known
forecasted values. The forecast length m; may differ across features. For
instance, meteorological forecasts usually covers a shorter period than the
prediction horizon, i.e., mye < ¢, whereas temporal encodings, such as hour-

of-day or day-of-week, extend over the entire horizon, yielding miemporal = -

13
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Figure 2: Overview of the proposed forecasting framework. Solid boxes are historical
inputs, and slanted boxes are known forecasted variables. Question marks (‘?”) denote
unknown prediction targets. STEM encodes heterogeneous inputs into a unified represen-
tation. Future targets are posed as learnable queries that attend to the encoded inputs

through X2-Attention. The attention weights provide target-oriented interpretability.

3.2. Framework Overview

The proposed framework integrates heterogeneous—inputs—with—varyine
temporal-eoveragetwo_core components: a Structured Temporal Embedding
Module (STEM) for encoding heterogencous inputs and an eXplainable Target-Oriented
Cross-Attention (X2-Attention) mechanism for target-oriented explanations,

as illustrated in Figure |2l Inputs include historical pollutant measurements,
forecasted meteorological data, deterministic air quality model outputs, and
temporal encodings. These inputs are embedded into a unified patch-based
representation through the STEM module, which preserves local temporal
patterns and semantic consistency across features. Unknown forecasting tar-

gets are represented as learnable queries via the STEM module. These target-
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Figure 3: Structured Temporal Embedding Module (STEM). Solid-filled boxes denote

historical inputs and slanted boxes represent known future inputs.

oriented queries then interact with the encoded input representation through
cross-attention mechanism. This operation explicitly computes the relevance
of each input patch to each future prediction patch, thereby capturing com-
plex temporal and feature dependencies. The resulting attention weights
serve as a direct, built-in attributions of feature importance for each fore-
cast timestep. Moreover, the attended representations are passed through
a position-wise feed-forward layers to produce patch-level predictions, which
are then reassembled into a continuous sequence to form the final multi-

horizon forecast.

3.3. Structured Temporal Embedding Module (STEM)

STEM encodes all known inputs into a structured representation, accom-
modating their different temporal lengths, illustrated in Figure [3] Specifi-
cally, for each input feature vector z* € R”" with T; = n + m;, we partition
the sequence into N; = [1}/Lyat| non-overlapping segments of length L.
The operator [-] is the ceiling. If T} is not divisible by Ly, the final seg-

ment is completed with zero-padding. These segments, or patches, are then

15



stacked as rows to form the patch matrix Z}, € R for the feature
17, which is then projected into a shared d-dimensional latent space using a

linear transformation as follows:

E, =7, -W,+b,, W,eR"»* b, eR’ (3)

pat

where E! € RYi*4 is the produced value embedding. The operation reduces
the temporal resolution from the timestep-level to patch-level while preserv-
ing local temporal patterns within each segment.

A fixed sinusoidal positional encoding (Vaswani et al., 2017)) is applied
to preserve the internal temporal order within each variable and facilitate
alignment across heterogeneous inputs. For the i-th feature vector with N;
patches, the corresponding positional encoding matrix Ef*x-Pos ¢ RNixd jg

computed element-wise by:

fix_pos/ _ : ]
E (]7 Qk) = Sm (100002k/d) ) (4)
X_pos( ]
Eﬁ P (]7 2k + 1) = COS (W) s (5)

where j € {0,..., N, — 1} is the patch index and k € {0,...,d/2 — 1} is the
embedding dimension index.
The initial embedding for the c-th feature is obtained by summing its
value embedding and the corresponding positional encoding:
Bf, = B + B ©)
Subsequently, concatenating all variables along the patch dimension across

features yields a matrix:

E.., = Concat(E;

ini’ *

L EL L ES), (7)

ini’ ini
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where E,y € RM*4 and M = >, N;.

A learnable positional embedding Eleam-Pos ¢ RM*d ig further introduced
to preserve the relative order after concatenation, which can be jointly opti-
mized with other model parameters. The final encoded inputs are produced

by applying Layer Normalization:
Ei,, = LayerNorm(E, .y, + Elearn,p()s)' ®

The resulting structured embedding Ei,, € R?*? preserves the semantic
identity of heterogeneous inputs and provides a compact representation for

the downstream attention mechanism.

3.4. eXplainable Target-Oriented Cross-Attention (X2-Attention)

Self-attention applies the same sequence as queries, keys, and values, as
illustrated in Figure While effective for prediction, this symmetric de-
sign captures only internal relationships among known inputs. It produces a
coarse measure of feature importance aggregated over the entire forecasting
range, rather than offering timestep-wise attributions for individual predic-
tion patch.

The proposed X2-Attention mechanism explicitly aligns known inputs
with future targets through learnable, target-specific queries, as illustrated
in Figure . Specifically, we construct a proxy sequence Xt_g_t'_l:t e R
from the most recent ¢ time steps of target pollutants. This proxy captures
the autoregressive nature of pollutant dynamics and provides a temporal
context. The proxy sequence is then processed by the STEM module to

generate target-oriented query embeddings:
E? = STEM(X,_r414),

17
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Figure 4: A comparison between X2-Attention and standard self-attention, including the
construction of queries, keys, and values, as well as the computation of attention weights,
attention maps, and outputs. Unlike self-attention, which captures dependencies among

known inputs, X2-Attention explicitly connects each prediction target to relevant inputs.

where E?¢ € RYe*d gerve as target-driven anchors to guide the attention

mechanism. Ng = s X [{/Lpaen| denotes the number of patches and each

query patch represents a specific time interval within the forecast horizon.
Cross-attention is then performed between the learned embeddings E®

and the encoded input sequence Ej,,. These embeddings are projected into
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the query, key, and value spaces:

Qtarget — EQ . Wq7 (9)
K = Einp ' Wk: (1())
V = Einp : an (11)

where W,, W, W, € R are corresponding learnable projection matrices.

The scaled dot-product attention is computed by:

(12)

targetKT
AAttel’lJCiOIl((Qtarget7 K, V) = A .V = Softmax (Q—) -V.

Vd

where A € RVe*N is attention weights that quantify the contribution of each

known input patch to every future prediction patch.

3.5. Multi-Head Attention and Output Projection

To enhance representational capacity, the model adopts Multi-Head At-
tention (MHA). For each of the H attention heads, the query, key, and value
embeddings are projected into a subspace of dimension d, = d/H. The

attention for a single head is computed as:
head;, = Attention (EQ . WZ, Ei,p, - Wi Eiyp, - ij) ) (13)

Outputs from all H heads are concatenated and then projected back to the

full latent dimension:
MHA (E®, Ei,p) = Concaty, (heady, . .., heady) - W, (14)

where Wf;, Wh W € R are projection matrices for the h-th head and
W, € R¥ is a output projection matrix that restores the embedding to its

original dimension.
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After the attention operation, a position-wise Feed-Forward Network with
Gaussian Error Linear Unit (GeLU) activation function is applied to increase

model depth and non-linearity (Hendrycks and Gimpel, 2016):
Zprocessed = GELU(ZMHA : Wl + bl) ' W2 + b27 (15>

where Zyma € RYeX4 denotes the output of the attention module; W, €
R¥>de W, € R¥%*4 and dg > d. Its output is further mapped Zirocessed €
RNexd to a predicted patch:

A

Xpatched = Zprocessed ' Wout + bout; (16>

where Wy, € R¥Leaten . The resulting patches are reshaped and concate-

nated to reconstruct the continuous multi-horizon forecast X;i1.14¢.

3.6. Built-in Interpretability

The X2-Attention mechanism provides intrinsic interpretability without
additional post-hoc computations. Since the query embeddings are con-
structed to represent future prediction patches, the attention weights A €
RNe*M directly quantify the contribution of each input patch to each fore-
cast patch, where Ng is the number of forecast patches and M is the total
number of input patches. By controlling the patch size, the model trades off
computational efficiency with granularity of interpretations. Smaller patch
sizes yield more fine-grained, nearly timestep-level attributions at a higher
computational cost.

To extract more practical insights from raw attention weights, we aggre-
gate them at the feature level. Each element aj; of A represents the con-

tribution of the k-th input patch to the j-th forecast patch. Let P! denote
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the set of input patch indices corresponding to feature ¢, wheret =1,...,C.
The total attention weight assigned to feature ¢ by forecast patch j is defined

as:

aﬁ‘jat = Z @ (17)

kep?
This aggregation yields a feature-level attribution matrix Afeat ¢ RNex¢

where each element ag-jat quantifies the importance of input feature i to fore-
cast patch j for a given instance.

For broader comparisons, we compute global feature importance rankings
by averaging the feature-level attributions across all forecast patches and all

instances:

a = Ej, instance [ageat} > (18>

where & € R® summarizes the average contribution of each input feature
over the entire prediction horizon and dataset, yielding a global ranking of
feature importance. This aligns with common interpretability practices, such
as the MDI used in tree-based models (Scornet, |2023) and permutation-based
importance scores (Hooker et al.l [2021)), which also produce feature-level

rankings aggregated over all samples.

4. Experimental Setup

4.1. Datasets and Pre-processing

The city of Stockholm operates a comprehensive air quality management
system, which relies on a suite of air quality deterministic models at re-
gional, urban, and street scales and provides short-term forecasts for the
entire metropolitan area (Engardt et al. 2021). Our study leverages this

operational infrastructure to enhance multi-day forecasting capabilities.
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(C) OpenStreetMap contributors (C) CARTO

Figure 5: The geographical distribution of air quality monitoring stations across Stock-

holm, Sweden.

Table 1: Overview of input variables categorized by data sources. Variables with the suffix

-H represent historical records, whereas those with -F describe forecasted values.

Data Source

Variables

Pollutant Measurements

NOx-H, PM1o-H

Deterministic Forecasts

nox-1d-H / F, nox_2d-H / F, nox_.3d-H / F, pm10_1d-H / F
pm10.2d-H / F, pm10_3d-H / F

Meteorological Forecasts

wind_direction-H / F, wind_speed-H / F, pressure-H / F, temperature-H / F
precipitation-H / F, cloud-H / F, relative_humidity-H / F
boundary_layer_height-H / F

Temporal Encodings

HourofDay-H / F, DayofWeek-H / F, DayofMonth-H / F, DayofYear-H / F
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We utilize data from three representative street-canyon monitoring sta-
tions in central Stockholm: Hornsgatan (HO), Folkungagatan (FO), and
Sveavégen (SV). These sites provide a rigorous testbed under dense urban
conditions. The dataset covers the period from August 2020 to October 2023
with hourly resolution. To enhance long-term forecasting, we incorporate
auxiliary variables from several external forecasting systems. Meteorologi-
cal forecasts are sourced from the Swedish Meteorological and Hydrological
Institute (SMHI, [2025) and the Norwegian Meteorological Institute (MET
Norway, 2025)), providing hourly predictions for key variables such as tem-
perature, wind speed, humidity, and boundary layer height, with lead times
up to 72 hours. Additionally, we integrate deterministic forecasts for NOx
and PMyq from the Stockholm Air Quality Forecast System (Engardt et al.
2021)). This system aggregates predictions from the Copernicus Atmosphere
Monitoring Service (CAMS) (CAMS| [2017)), the Airviro Gaussian dispersion
system (Kilbo Edlund et al., 2024), and the Operational Street Pollution
Model (OSPM) (Ottosen et al. 2015). These deterministic forecasts are
available for 1-day, 2-day, and 3-day horizons.

To evaluate model generalization across heterogeneous environments, we
incorporated data from Hallunda (HA), a suburban station adjacent to a six-
lane motorway arterial. Unlike the inner-city street canyons (HO, FO, SV),
HA represents an open-terrain micro-environment characterized by distinct
emission sources and dispersion dynamics. Specifically, pollutant dynamics
at HA are driven by high-speed vehicular exhaust and road dust resuspen-
sion under rapid ventilation conditions, which contrast sharply with the low-

speed traffic and trapping effects typical of street canyon stations. Detailed
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locations of both the urban street canyon and suburban highway sites are

provided in Figures [5| and within [Appendix D.T]

A critical feature of our dataset is the dual availability of all auxiliary
variables as both historical records and future predictions. This allows the
model to utilize both retrospective patterns and prospective conditions. In
contrast, pollutant concentrations are available solely as historical observa-
tions. Temporal encodings are included to capture cyclical patterns. We
denote historical input variables with the suffix -H and forecasted variables
with -F. A complete list of input features is summarized in Table [T}

Data pre-processing includes missing value imputation using historical
average interpolation to preserve periodicity (Zhang et al., |2024). Physically
implausible values, such as negative pollutant concentrations, are treated
as missing values prior to imputation. Outliers are retained to reflect real-
world extreme events. All features are normalized to the range [0, 1] to ensure
numerical stability. The data is split chronologically into 70 % for training,

20 % for validation, and 10 % for testing.

4.2. Baseline Models

To evaluate the effectiveness of the proposed framework, we compare
it against five baselines representing the state-of-the-art paradigms for long-
horizon forecasting. These baseline models include recurrent neural networks
(LSTM-Seq2Seq), attention-based models that focus on either temporal- or
feature-centric dependencies (Transformer and iTransformer), and hybrid de-
signs that jointly model both dimensions (Crossformer and TimeXer).

The LSTM-Seq2Seq (LSTM) model is a standard recurrent sequence-to-

sequence architecture (Zhou et al., [2019). An encoder-only variant of stan-
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dard Transformer is included as a fundamental attention-based model that
primarily captures temporal dependencies (Zhou et al 2021). iTransformer
extends Transformer by treating each variable as a token, enabling it to bet-
ter capture cross-variable dependencies (Liu et al., [2023)). Crossformer is
selected as a hybrid modeling that applies hierarchical dual attention across
both temporal and variable dimensions (Zhang and Yan, 2023). Finally,
TimeXer also is a hybrid strategy, developed for forecasting with auxiliary
variables (Wang et al 2024)). It separates target and auxiliary inputs using
self-attention for intrinsic target dynamics and cross-attention for incorpo-
rating external forecasts.

All baselines adopted public implementations (Wang et al., |2024) and
were evaluated under identical experimental conditions. Notably, these base-
line models are designed to handle temporally aligned historical input. To
ensure a fair comparison, we applied a unified pre-processing strategy. Fore-
cast variables with shorter lengths than prediction window were temporally
aligned using zero-padding, and all auxiliary features were concatenated with
its historical records to form an input sequence. This strategy allowed each
baseline model to utilize forecasted variables without changing its original
input design.

For interpretability evaluation, we use GradientSHAP (Lundberg, 2017)),
a widely used and theoretically grounded post-hoc explanation technique, as
a reference. To the best of our knowledge, this is the only existing method
capable of providing timestep-wise interpretability for multi-horizon forecast-
ing. GradientSHAP estimates feature attributions by integrating gradients

along the path between a baseline and the actual input, incorporating noise
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for robustness. Formally, the attribution for feature i is computed as

VOF (2" + a(z —2') +¢)
axi

GradSHAP; = (z; — 2}) E, {/ da| (19)
0

where x is the input sample, 2’ is the baseline input, « is the interpolation

coefficient, and € denotes a noise term sampled from a predefined distribution.

4.3. Implementations

All computational experiments were conducted on a single NVIDIA A40
GPU. Models were optimized using the Adam optimizer (Kingma and Bal
2014) (f1 = 0.9, = 0.999) to minimize Mean Squared Error (MSE). An
early stopping strategy was employed based on validation loss, with a pa-
tience threshold of three epochs.

All models were trained and tested under the same settings across nine
forecast horizons covering 1 to 30 days, where each horizon ¢ € {24, 48,72, 96,
120, 144, 168, 336, 720} represents the length of the predicted sequence from
t+ 1 tot+ ¢. For each horizon, the look-back window was dynamically set
to n = ¢ 4 24, following existing finding that longer input sequences benefit
long-horizon forecasting (Wang et al., 2024). A fixed patch length of 12
hours was used to capture diurnal patterns, and all models employed a single
encoder and decoder layer to maintain architectural comparability.

Hyperparameter tuning was conducted using Optuna (Akiba et al., 2019),
following identical procedures for all models. The search space was defined
based on the official implementations and recommended settings of the re-

spective baselines. Key hyperparameters included the embedding dimension
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d € {2525 ...,2°} and the number of attention heads nye.qs € {4,8,16}.
Additional implementation details are provided in [Appendix Al

4.4. BEvaluation Metrics

Model performance is evaluated using four standard regression metrics:
Mean Squared Error (MSE), Mean Absolute Error (MAE), Mean Absolute
Percentage Error (MAPE), and the Coefficient of Determination (R?), de-

fined as follows:

¢ 0
1 ) 1 .
MSE = Z Z(th+k — xt+k)2, MAE = z Z ’-TH-k - -Tt+k|7 (20)
k=1 k=1
‘ . ¢ .
MAHE:HM%E:JM*_$”k R%:l—z%?@M%_xTHZ (21)
¢ o Lt+k > ket (Tepe — T)?

where ;. and ;. denote the ground truth and predicted values at
future time step t + k, respectively, and x is the mean of the observed values.
To evaluate the accuracy of health warnings for peak concentrations,
we employ the Critical Success Index (CSI) and False Alarm Ratio (FAR)
(Wilks, [2011). As established metrics in atmospheric science, they quantify
the model’s success in capturing these peak values and its tendency to issue

false warnings, respectively:

H FA

Sl= g ra MR:H+R4

(22)

where H, M, and F A represent Hits, Misses, and False Alarms, respectively.
Detailed definitions are provided in [Appendix B|

Computational efficiency and deployment feasibility are evaluated using

four metrics: (1) Parameters: total trainable weights; (2) FLOPs: floating-
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point operations per forward pass; (3) Inference Latency: average time re-
quired for a single inference step; and (4) Peak GPU Memory: maximum
GPU memory footprint during inference. These metrics collectively quantify

the trade-off between performance and computational cost.

5. Results and Discussion

This section evaluates the proposed framework’s forecasting performance,
computational efficiency, and interpretability. Predictive accuracy is com-
pared against five baselines, with assessments extending to peak concentra-
tion detection and generalization tests. Further analyses quantify the im-
pact of auxiliary variables via ablation studies and assess resource consump-
tion. Finally, thereliability—ofthe-X2-Attention mechanism is validated by
comparing its consistency and faithfulnessfidelity with the GradientSHAP

benchmark.

5.1. Multi-Horizon Forecasting Performance
5.1.1. Forecast Visualization
Figurel[6]displays representative NOx forecasts from the three top-performing

models for 24-hour and 336-hour horizons. At the 24-hour horizon, all mod-
els captured the general trends but missed high-frequency fluctuations. At
the 336-hour horizon, Crossformer and LSTM models consistently overesti-
mated NOx concentrations across multiple diurnal cycles at Folkungagatan
and Hornsgatan. Conversely, the proposed model aligned closely with the
observed concentrations. At Sveavagen, three models effectively captured

periodic traffic-associated patterns. Additional forecast visualizations for

PM;, are provided in [Appendix C.1|
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Figure 6: Representative forecasts of NOx concentrations at street canyon stations over

24-hour and 336-hour (14-day) horizons, starting from 08:00 on July 14, 2023. The gray

solid line indicates the observed NOx concentrations (Obs).

5.1.2. Overall Model Performance

We evaluated forecasting performance for both NOx and PM;yy across

nine horizons ranging from 24 to 720 hours. Table [2 summarize forecast-

ing performance for NOx and PM;, averaged across all street canyon sites.

Detailed two-sided paired t-tests and corresponding effect sizes (Cohen’s d

are provided in JAppendix C.3|

The proposed model consistently outperformed all baseline models across
nearly all horizons. For NOy, it achieved significant improvements from 24
t6-720-48 to 336 hours. Compared to Crossformer, which delivers the second-
best performance, our model reduces the average MSE by 8.1 %. For PM;p,
the model obtains the lowest MAE for seven of the nine horizons. While the

standard Transformer remains competitive for PM;, at specific horizons, our
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Table 2: Multi-horizon forecasting performance for NOx and PM;q, averaged across all
monitoring stations over five independent runs. For each forecast horizon, the best-
performing model is highlighted in bold, and the second-best is underlined. The ‘AVG’
reports the mean performance across all horizons, while “1%® Count” indicates the number
of first-place ranks a model achieved across all forecast horizons. The units for MAE and

MSE are pg/m? and (ug/m3)2, respectively.

‘ Ours ‘ Crossformer ‘ TimeXer ‘iT&"ansformer‘ Transformer ‘ LSTM
Models
Metric | MAE ~ MSE |MAE MSE |MAE MSE |[MAE MSE |MAE MSE |MAE MSE
24 | 10.68 265.19 |10.85 268.43|12.59 365.51]12.18 354.29]10.91 275.73|10.75 265.50
48 | 11.18* 278.47 |12.24 316.82|13.36 403.26|12.77 377.15|12.05 313.67|11.22 279.95
72 | 11.24* 283.88* |12.59 339.12[13.54 398.17|13.05 382.29(12.12 321.07|11.51 292.75
«| 96 |11.63** 298.11**|12.42 330.32|13.42 384.85|12.98 378.44(13.10 361.51|12.15 324.56
g 120 |12.10%* 318.24* [13.24 366.65|13.29 375.97|13.25 392.66|13.76 381.86|12.77 351.39
144 | 12.61 331.65* |12.88 350.25|13.35 377.16|13.49 406.04|13.85 387.23[13.03 359.68
168 | 12.71* 340.22* [13.21 357.77|13.36 378.12[13.73 412.22|13.54 380.10|13.21 363.49
336 |13.01** 358.22**|13.89 391.43|13.49 393.14|14.19 427.79|13.95 396.90|14.08 403.20
720 | 138.53 378.39 |13.75 383.43|14.50 446.96|15.21 470.27[14.91 439.04|15.45 484.52
\ AVG ‘12.08** 316.93**|12.78 344.91\13,43 391.46‘13.43 400,13\ 13.13 361.90‘ 12.68 347.23
IStCount‘ 9 9 \ 0 0 \ 0 0 \ 0 0 \ 0 0 \ 0 0
24 | 4.02** 44.06** | 434 4790 | 4.48 51.19| 451 5259 | 457 51.20 | 4.15 46.94
48 | 4.38** B1.11** | 4.60 52.32 | 4.87 58.18 | 5.00 62.81 | 4.73 54.80 | 4.44 52.70
72 457  53.53 | 530 64.25|504 61.68|519 68.07|4.58 53.58 |4.52 53.80
o| 96 |4.53" 53.04"* | 489 57.86 | 504 6124|511 6267|492 57.35 | 473 58.01
S| 120 | 4.75** 56.89 |5.17 61.20 | 5.08 62.30 | 5.17 63.56 | 5.17 59.91 | 4.92 59.67
Bl 144 | 4.84* 5870 | 561 7026|516 63.86 | 529 66.15 | 501 58.36| 5.01 60.65
168 | 4.87  58.54 | 5.36 64.74 | 5.13 63.69 | 5.26 65.86 | 4.94 56.89| 4.96 58.72
336 | 4.94  53.74 | 527 60.74 | 5.04 57.50 | 5.37 61.52 | 499 53.58| 5.09 55.48
720 | 522 50.34 | 5.98 70.10 | 5.12 53.36 | 5.43 56.57 | 5.07 48.34| 5.74 57.52
| AVG | 4.68** 53.33"* | 5.17 61.04 | 5.00 50.22 | 515 62.20 | 4.80 54.89 | 4.84 55.94
15¢ Count| 7 5 | o o | o o | o o | 1 4 |1 0

*/**: Ours outperforms the second-best model at p < 0.05/0.01 using two-sided paired t-test.

Second-best models: Crossformer for NOx and Transformer for PMg.
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model maintained superior stability when averaged over all prediction lengths

(p < 0.01 for both MAE and MSE). Notably, given the limited sample size

n = 5 independent runs), Cohen’s d is employed to quantify the magnitude
of improvement where p-values mayv lack sufficient statistical power. For
instance, in 24-hour NOx forecasting, our model achieves a substantial effect

size (d = 1.15) relative to Crossformer, despite a marginal p-value (0.06).

Among the baseline models, the optimal architecture is highly pollutant-
specific, revealing a trade-off between capturing temporal dependencies and
modeling cross-variable correlations. Crossformer delivered the strongest
baseline performance for NOx, likely due to its joint modeling of temporal
and cross-feature dependencies. This approach effectively captures the dual
dynamics of NOx driven by emission patterns and meteorological variables.
In contrast, the Transformer proved more effective for PMjy. Since PM;jq
behavior is largely governed by auto-correlative structures and transient me-
teorological drivers, the point-wise attention mechanism of the Transformer
proved more robust than complex cross-variate architectures.

Models prioritizing feature interactions over temporal structure, such as
iTransformer and TimeXer, exhibited significant performance degradation.
The iTransformer’s inversion of attention compresses sequential signals essen-
tial for tracking emissions, while TimeXer’s failure suggests that exogenous
alignment cannot compensate for a weak endogenous temporal backbone.
Preserving the integrity of the temporal structure is therefore essential for
pollutant dynamics.

The LSTM model remained competitive up to 120-hour but significantly
deteriorated at longer horizons. For NOx at the 720-hour horizon, LSTM
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Figure 7: R? for each pollutant at each station across nine forecasting horizons. Results
and their 95% confidence intervals are computed on the test set over five independent
experiments. The z-axis uses equal spacing across horizons. Negative R? values indicate

performance worse than the mean predictor and lack practical utility.

yields an MSE of 484 compared to 378 for our model. This degradation
reflects the limited memory capacity of recurrent architectures (Bai et al.|
2018; Q1 et al.;[2019). In our experimental setup, LSTM maintained stability

up to 120 hours likely due to the integration of auxiliary meteorological and
deterministic forecasts, which provided explicit forward-looking information.
However, Transformer-based models generally surpass recurrent architectures
beyond this point.

To standardize the comparison across pollutants, we evaluated relative
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error using R? and MAPE, as shown in Figure [7| and Table For NOx,

which is dominated by periodic traffic emissions (Karner et all [2010), our

model maintained R? values above 0.2 even at 720 hours. In contrast, PM;q

exhibited lower temporal persistence due to transient factors like road surface

moisture and dust (re-)suspension (Denby et al., 2013)). Consequently, while

the model achieved an R? of approximately 0.4 at 24 hours, performance
declines rapidly, approaching zero by 336 hours and yielding negative R?
values by 720 hours. MAPE followed similar trends.

Location-specific analyses provided in [Appendix C.2] further confirms

these findings. For NOx, the proposed framework reduced MSE by 3.6 %,
8.8 %, and 6.6 % compared to the second-best model at Folkungagatan, Horns-
gatan, and Sveavagen, respectively. Similar trends were observed for PM,,
although the magnitude of improvement varied by location due to local en-

vironmental conditions.

i f
I I I :
i
[T ‘ “

Figure 8: Detection accuracy for peak NO, concentrations measured by CSI and FAR
scores. Results show the average across all stations and five independent runs. Corre-

sponding mean values are labeled on each bar.
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5.1.3. Accuracy in Peak Concentrations

Forecasting peak pollutant concentrations is critical for issuing public
health warnings. We defined peak concentrations as values exceeding the 90
percentile of the test set. Given the actionable lead time for interventions and
predictive reliability, we evaluate accuracy within a 168-hour horizon (7 days)
using CSI and FAR. Higher CSI values indicate superior event detection,
while lower FAR values denote fewer false alarms. Figure [§] illustrates the
evolution of peak prediction accuracy across forecasting horizons for NOx,
comparing our model against the second-best baselines, Crossformer and
LSTM.

The proposed framework demonstrates a superior balance between detec-
tion sensitivity and precision. For NOx, CSI results indicate that our model
remains competitive with the LSTM and outperforms the Crossformer model.
Concurrently, Our model consistently achieves the lowest false alarm rates
across all horizons and maintains values between 0.40 and 0.47. The baseline
models exhibit a significant increase in false alarms as the forecast horizon
extends, particularly LSTM. Minimizing false positives is essential for op-
erational air pollution warning systems to prevent erroneous interventions
and public warning fatigue. For PM;g, the Transformer baseline yielded the

highest event detection scores, whereas our model maintained the lowest false

warning rates, as detailed in Figure [C.16| of [Appendix C.4]

5.1.4. Generalization to Suburban Station
We extended our evaluation under distributional shifts at the Hallunda
(HA) suburban station. The results of Kolmogorov-Smirnov tests confirm a

significant distributional shift between the suburban and urban datasets (p <
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Figure 9: MAE for each pollutant at Hallunda across nine forecasting horizons. Results
and their 95% confidence intervals are computed on the test set over five independent

experiments. The z-axis uses equal spacing across horizons.

0.001), while diurnal analysis reveals divergent patterns between highway

commuting and city traffic, as detailed in[Appendix D.1l These discrepancies

serves as a robust out-of-distribution testbed.

Figure [9] summarizes the MAE comparison against the leading baselines
identified in the urban experiments, while Table and Table in[Ap]
provide a comprehensive comparison of MSE, R?, and MAPE
metrics, along with significance tests. Despite the distinct emission and dif-
fusion mechanisms of the open highway terrain, our proposed framework
demonstrates remarkable robustness. For NOx, our model achieved the low-
est MAE across all forecasting horizons and maintained a positive R? even at
the challenging 720-hour mark where other models degrade significantly. For
PM;q, our model achieves superior performance in nearly all horizons with

significantly lower MSE and MAPE, although the Transformer still remained
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Figure 10: Ablation study on the contribution of forecasted auxiliary variables for NOx
(left) and PMjq (right). The bars illustrate the absolute and percentage MSE reduction
relative to the historical-only (OH) baseline. Results are averaged across all stations and

grouped by forecast horizons: 1-3 days, 4-7 days, and 14-30 days.

competitive at specific intervals. The architecture effectively captured the
regular yet high-speed traffic patterns of suburban highways without overfit-

ting to the stochastic turbulence typical of urban street canyons.

5.2. Diagnostics and Efficiency Analysis

5.2.1. Contribution of Forecasted Variables

We conducted an ablation study to quantify the contribution of forecasted
auxiliary variables. Each input type was incrementally added to a baseline
model (OH), which relies exclusively on historical records. The configura-
tions include future temporal encodings (4Time), meteorological forecasts
(+Time+Met), and deterministic model outputs (+Time+Det), culminat-
ing in a full combination (+Time+Det+Met).

Figure [10] illustrates that forecasted variables substantially improve per-

formance, particularly within 1-3 day horizon. Introducing future temporal
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encodings (+Time) alone leads to modest MSE reductions. The addition
of meteorological forecasts (+Time+Met) further reduces MSE for NOx by
23 %, though contributing marginally for PM;g. In contrast, deterministic
model outputs (+Time+Det) yield notable improvements for both pollu-
tants, with 26 % for NOx and 12% for PM;q. Physics-based deterministic
forecasts are particularly valuable within 3 day forecasting. The full configu-
ration (+Time+Det+Met) achieved the best performance by reducing MSE
by 29% for NOx and 15% for PM;,. This highlights the complementary
contribution among different forecast sources.

As forecast horizon extends to 4-7 days, a period that surpasses the
72-hour availability of the auxiliary forecasts, the direct benefit diminishes.
Nevertheless, this limited-horizon future information continued to enhance
performance. The full model maintained a 16 % and 11 % MSE reduction for
NOx and PMy, respectively. The model leverages autocorrelation structures,
allowing early-window information to propagate to later timesteps. At 14-30

day horizons, performance converged toward the historical-only baseline.

5.2.2. Computational Efficiency

Beyond predictive accuracy, computational efficiency is a critical factor
for practical deployment. Figure [11] details model complexity and inference
efficiency. The results are averaged across all stations and forecast horizons.

The proposed model exhibits a favorable balance between model complex-
ity and predictive performance. For NOx, it employs a compact architecture
with only 1.8 M parameters and 28.4 GFLOPs. This is significantly more
efficient than Crossformer (6.0 M parameters, 105.6 GFLOPs) and standard
Transformer (77.2 GFLOPs). For PM;, our model achieved lower compu-
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Figure 11: Comparison of forecasting performance and computational efficiency for NO
(left) and PMyq (right). Top: Model complexity analysis visualizing the trade-off between
prediction error and parameter count (G: Giga, M: Mega), where bubble size indicates

FLOPs. Bottom: Inference efficiency measured by latency and peak GPU memory usage.

tational cost than the Transformer (20.0 GFLOPs vs. 23.3 GFLOPs) while
delivering higher predictive accuracy.

Inference latency and memory footprint further validate deployment fea-
sibility. For NOx, the standard Transformer encounters a memory bottleneck
with a peak usage of 7.4 GB, whereas our model requires only 2.2 GB. The
average inference latency of our model is 37.8 ms, significantly faster than

second-best models (Crossformer, 131.2 ms). While lightweight baselines like
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TimeXer achieve lower latency and reduced memory usage. they typically
compromise long-horizon forecasting accuracy. Similar efficiency trends were
observed for PM;q. This efficiency of our model is primarily attributed to
patch-based embedding and cross-attention mechanism, which facilitate su-

perior accuracy alongside manageable computational costs.

5.3. Evaluation of Interpretability

The reliability of the interpretability provided by the X2-Attention mech-
anism is validated through a comparative evaluation against GradientSHAP
benchmark. This assessment focuses on the consistency of feature attribution
and the faithfulness of the generated explanations via perturbation analysis.
To facilitate detailed temporal insights, 72-hour forecasts are partitioned into

3-hour segments, enabling attribution analysis at a fine-grained resolution .

5.8.1. Consistency with GradientSHAP

The X2-Attention mechanism provides intrinsic interpretability by gener-
ating attribution scores directly during inference. As defined in Equation [17]
it produces an attribution matrix that quantifies the relevance of each input
segment to specific forecast patches. In contrast, GradientSHAP (Lundberg;,
2017)) is a post-hoc method that estimates feature contributions by integrat-
ing gradients across multiple randomized input perturbations. We averaged
the attribution scores across all test instances to derive a representative im-
portance profile, as shown in Figure[I2] The heatmaps visualize the temporal
evolution of feature importance, where darker shades indicate higher influ-
ence, while the bar charts rank the global features ranking aggregated over

the forecast window.
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Figure 12: Comparison of feature attribution for NOx 72-hour forecasting at Sveavigen.
The upper and lower panels correspond to the proposed X2-Attention mechanism and the
GradientSHAP method, respectively. Left: Temporal heatmaps of feature importance.

Right: Aggregated global feature rankings.
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Table 3: Correlation between X2-Attention and GradientSHAP attribution scores.

Pollutant ‘ Pearson Correlation (p-value) ‘ Kendall’s Tau (p-value)

NOx 0.61 (p < 0.001) 0.60 (p < 0.001)
PMio 0.62 (p < 0.001) 0.78 (p < 0.001)

Both methods consistently capture similar temporal patterns, as evi-
denced by the comparative heatmaps. For NOx, dominant contributors
include deterministic forecasts for the upcoming days (no_1d-F, nox_2d-F,
nox_3d-F), forecasted wind direction (wd-F'), and historical temperature (temp-H).
These results align with the established urban pollution dynamics, where de-
terministic forecasts encapsulate emission patterns and meteorological fac-
tors govern pollutant dispersion (Zhang et al., 2024). For PMyy, as detailed
in [Appendix E| both methods show a clear decay in the relevance of past
measurements as the forecast horizon increases. The global feature rankings
further underscore this consistency. Six of the top ten NOx features identi-
fied by X2-Attention appear in the GradientSHAP ranking, and the overlap
is even stronger for PM;y, where nine of the top ten features identified by
X2-Attention match those of GradientSHAP.

We further quantified this agreement using two metrics: Pearson corre-
lation (Sedgwick, 2012) on flattened attribution scores to assess the overall
similarity in their importance distributions, and Kendall’s Tau (Arndt et al.
1999) to evaluate the consistency of global feature rankings.

As summarized in Table [3, both pollutants exhibit strong, statistically
significant correlations. For NOx, the Pearson correlation and Kendall’s

Tau reached 0.61 and 0.60, respectively. This agreement is even more pro-
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nounced for PMq, with coefficients of 0.62 and 0.78. These findings confirm
that X2-Attention generates explanations highly consistent with established

GradientSHAP benchmarks, suggesting its plausibility as an attribution tool.

Figure 13: Faithfulness—Empirical fidelity evaluation via perturbation analysis at

Sveavégen.

5.3.2.

+Fidelity Evaluation via Perturbation Analysis

To quantify the relabilitv¥—empirical fidelity of the generated explana-

tions, we conducted a faithfulness evaluation using the Most Relevant First

(MoRF) strategy (Hooker et al., 2019; [Samek et al., 2016). This involves

iteratively masking the top k% of the most critical input segments identified
by each interpretability method and replacing them with the global mean
of the training set. A steeper increase in prediction error indicates that the
identified temporal segments of individual features were more essential to the
model’s predictive accuracy.

Figure [L3] compares the degradation curves of X2-Attention against Gra-

dientSHAP and a random masking baseline across masking ratios from 0.0 to
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0.7. Removing features identified by X2-Attention leads to the most signifi-
cant performance drop for both NOx and PM;,. Notably, the X2-Attention
curve consistently remains above the GradientSHAP curve, indicating supe-
rior precision in localizing influential tempeoral-patterns-input patterns upon
which the model relies. This contrast is particularly pronounced in the PM;q
analysis, where X2-Attention induces a sharp rise in error even at low mask-
ing ratios. Both methods significantly outperform the random baseline, con-
firming that the identified high-attention regions are meaningful drivers of
prediction rather than noise.

Beyond consistency and faithfulnessfidelity, a pivotal advantage of the
proposed X2-Attention is its computational efficiency. Unlike post-hoc meth-
ods like GradientSHAP that rely on intensive sampling and repetitive gra-
dient computations, X2-Attention achieves built-in interpretability. While
generating equivalent feature attributions using GradientSHAP required ap-
proximately 40 hours on a NVIDIA A40 GPU, X2-Attention produces these
scores without any additional computational cost. This efficiency makes our

framework well-suited for practical applications with constrained resources.

6. Conclusion and Future Work

This study proposes a novel Transformer-based framework designed for
interpretable multi-horizon air pollution forecasting. The architecture inte-
grates the Structured Temporal Embedding Module (STEM) and the Target-
Oriented Cross-Attention (X2-Attention) mechanism. This design effectively
harmonizes heterogeneous inputs, including historical observations and multi-

source forecasts, to enhance long-horizon predictive performance. A distinc-
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tive advantage of this framework lies in delivering advanced predictive ac-
curacy alongside reliableplausible, fine-grained interpretability for each fore-
casted timestep across both temporal and feature dimensions.

Extensive evaluations across diverse urban and suburban environments in
Stockholm demonstrate superior performance of the proposed model. Com-
pared to five competitive baselines, the framework achieves significant reduc-
tions in averaged prediction error across nine horizons (24-720h). For NOx,
the model maintains meaningful predictive skill with an R? value above 0.2
even at the 30-day horizon, while PM;, reliability is sustained for up to 14
days. Furthermore, ablation studies underscore the value of incorporating
auxiliary forecasts for improving predictive accuracy. The inclusion of mete-
orological predictions and deterministic model outputs yields average MSE
reductions of 29 % for NOx and 15 % for PM;o within 72-hour window. Al-
though the predictive benefit diminishes beyond the temporal coverage of
these forecasted inputs, their positive influence persists for up to 7-day.

The pivotal contribution of this study lies in its built-in, fine-grained
interpretability across the forecast window. Unlike computationally inten-
sive post-hoc methods, the X2-Attention mechanism provides feature attri-

butions without additional overhead.

was-Lhese attributions were rigorously validated through perturbation anal-

ysis and exhibited strong consistency with the GradientSHAP benchmark.
These advancements further bridee the cap hetween complex deep learning
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efNotably, while the identified attention weights provide a plausible proxy for
the model’s decision logic, they primarily reflect empirical associations and
do_not inherently establish the underlying physical causality of pollutant
dispersion. Future work will incorporate counterfactual interventions and
other causal inference frameworks to further disentangle the complex physical
drivers of pollutant dispersion.

Furthermore, we aim to enhance the framework’s generalization by validating

it_across diverse climatic zones and incorporating high-resolution spatial
dataproxies, such as traffic ew—dynamics and satellite imagery;—te—+refine

into intuitive visualization tools will be a priority, ultimately bridging the gap
between complex deep learning architectures and evidence-based environmental
governance.
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Appendix A. Additional Training Details

During preliminary trials, a default batch size of 512 was used to improve
computational efficiency. However, at the longest forecast horizons (¢ = 336
and 720 hours), memory constraints caused out-of-memory (OOM) errors for
Transformer and Crossformer models. To address this, the batch size was
reduced to 128 and 256, respectively, for those specific combinations.

To maintain stable training dynamics under varying batch sizes, we adopted
the Linear Scaling Rule (Goyal et al.; 2017), which suggests that the learning

rate should scale proportionally with the batch size:
learning_rate o< batch_size

We defined a base learning rate lrp,.. = 1 x 107* associated with a reference
batch size bsyqse = 64. For each trial with batch size bs,,.,,, the target learning

rate was computed as:

bsnew

l'rtarget = lrbase X b
Shase

Optuna then sampled the actual learning rate within the range [[744yget, 10 X

ITtarget) ON & logarithmic scale.
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Appendix B. Metrics for Peak Concentration Assessment

We evaluate the performance of peak warnings using a binary classifica-
tion framework. Time points are categorized as events or non-events based
on whether the pollutant concentration exceeds a specific threshold. This

categorization yields four outcomes (Wilks|, 2011):

1. Hit (H): Both forecast and observation exceed the threshold.

2. Miss (M): The observation exceeds the threshold, but the model pre-
dicts a value below it, signifying a failure to issue a necessary warning.

3. False Alarm (F'A): The model predicts a peak event that does not
occur in observations.

4. Correct Rejection (C'N): Both forecast and observation remain be-

low the threshold.

While this framework parallels the standard confusion matrix, specific
metrics are chosen to address the imbalanced nature of environmental ex-

tremes where calm periods (CN) predominate. We exclude the standard

H+CN

m) because it is heavily dominated by the large

excludes C'N,

Accuracy metric (

: H
number of C'N cases. In contrast, the CSI metric (57571)
providing a more robust assessment of the model’s ability to capture rare

peak events.
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Appendix C. Supplementary Results for Urban Stations

Appendiz C.1. Forecast Visualizations
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Figure C.14: Representative forecasts of NOx concentrations at three stations for all
models, starting from 08:00 on July 14, 2023, over 24-hour and 336-hour (14-day) horizons.

The gray solid line indicates the measured NOx concentrations.
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Figure C.15: Representative forecasts of PM;y concentrations at three stations for all
models, starting from 08:00 on July 14, 2023, over 24-hour and 336-hour (14-day) horizons.

The gray solid line indicates the measured NOx concentrations.
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Appendiz C.2. Detailed Performance Metrics

Table C.4: Multi-horizon forecasting performance for NOx and PM;jg, averaged across
all monitoring stations over five independent runs. For each forecast horizon, the best-
performing model is highlighted in bold, and the second-best is underlined. The ‘AVG’

reports the mean performance across all horizons, while “1%¢ Count” indicates the number

of first-place ranks a model achieved across all forecast horizons.

‘ Ours ‘ Crossformer ‘ TimeXer ‘iTransformer‘ Transformer ‘ LSTM
Models
Metric | R? MAPE| R? MAPE| R? MAPE| R2 MAPE| R? MAPE| R2 MAPE
24 | 052 094 |051 096 |0.31 098 033 093|050 1.06 |0.51 0.98
48 | 0.49 1.03* [041 1.14 024 1.04 [028 101 | 041 1.09 | 047 0.97
72 |0.47* 1.07 |0.39 1.20 |0.24 1.07 |027 1.09 | 040 1.17 |0.44 1.04
.| 96 [0.44** 113 [040 115 [027 106 |027 113 | 032 129 |0.38 1.05
g 120 | 0.40 1.15* |0.33 1.21 |0.28 1.08 |0.24 1.19 | 027 1.32 [0.33 1.17
144 | 0.37 1.8 |0.34 1.8 |028 1.10 |021 1.24 | 025 128 |0.32 1.21
168 | 0.35 1.18 |0.32 1.17 |028 1.14 |020 1.32 |0.27 1.32 |0.30 1.18
336 |0.29** 1.30 [0.24 1.33 |0.23 1.31 |0.15 144 022 159 |021 1.38
720 | 0.24 1.07 |0.23 1.03 |0.10 1.09 |0.03 1.18 |0.11 1.25 |0.05 1.20
| Ave |o0.40 L127|035 115 [0.25 1.10 [0.22 117 |031 126 [0.34 113
15 Count| 9 1| o 1o 3 |o 1| o o | o 3
24 |0.36** 0.41**|0.31 045 |025 048 024 048 | 026 048 |0.32 043
48 |0.26™ 0.46 [0.23 048 [0.14 053 [0.10 053 | 0.19 049 |0.23 0.47
72 | 020 0.48 [0.00 052 |0.07 054 |0.02 055 |021 049 |0.22 0.48
o| 96 |0.20 0.47**|0.11 050 [0.06 055 [0.05 056 |0.13 054 [0.14 051
S| 120 | 0.13 0.51**[0.05 055 |0.04 057 |0.03 058 |0.09 0.60 |0.09 0.54
Bl 144 | 0.09 0.517|-0.10 057 [0.01 058 |-0.01 059 |0.09 058 |0.06 0.57
168 | 0.09 0.53*[-0.02 0.58 |0.01 0.58 |-0.02 0.59 |0.11 0.57 |0.08 0.55
336 | 0.02 0.60 [-0.11 0.60 |-0.05 0.57 |-0.09 0.63 |0.04 0.62 |-0.01 0.64
720 | -0.13  0.71 |-0.55 0.68 |-0.19 0.59 |-0.24 0.69 [-0.09 0.69 |-0.28 0.80
| AvG | 0.13* 0.52**|-0.01 055 [0.04 055 [0.01 058 |011 056 [0.09 055
15t Count| 5 7 | o o | o 2 | o o | 3 o |1 0
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Table C.5: Multi-horizon forecasting performance for NOx and PM;( at Folkungagatan
station, averaged over five independent runs. The best result for each horizon is shown in
bold, and the second-best is underlined. “AVG” denotes the average performance across
all horizons. “1°% Count” indicates how many times each model achieved the best result
across all horizons for the corresponding pollutant. The units for MAE and MSE are

pg/m? and (ug/m3)?, respectively.

‘ Ours ‘ Crossformer ‘ TimeXer ‘iTransforrner‘ Transformer ‘ LSTM
Models
Metric | MAE MSE |MAE MSE |MAE MSE |MAE MSE |MAE MSE |MAE MSE
24 | 9.38 232.00| 9.41 230.79 |11.07 329.75|10.76 346.74] 9.10 221.71]9.07 229.50
48 |10.03 245.81| 11.74 311.18 |11.39 355.34|11.41 372.69|11.47 306.65 | 9.75 245.96
72 | 9.84 252.74|10.55 267.59 |11.55 339.53|11.36 346.86|10.14 261.22 |10.06 260.60
< 96 | 9.99 254521010 252.49(11.23 314.94|11.50 358.59|10.95 285.84 |10.67 286.46
% 120 |10.21 262.35| 10.46 270.88 |11.00 300.51|11.79 374.44|11.62 307.43 |10.64 281.61
144 |10.45 269.69 |10.38 268.26|10.99 298.47|11.97 386.04|12.06 324.39 |10.91 281.50
168 |10.53 267.26| 10.55 271.29 |11.02 298.67|12.28 390.13|10.92 294.77 | 11.10 282.67
336 |10.66 281.34 | 10.70 278.55|11.13 306.31|12.61 380.87|11.10 300.56 |12.15 319.88
720 [10.90 290.97| 11.08 294.22 |12.39 357.88|14.73 461.49|11.95 346.25 |12.84 354.29
\ AVG \10.22 261.85‘ 10.55 271.69 \11.31 322.38‘12.05 379,76‘11.03 294.31 \10.80 282.50
15t Count| 6 5 | 1 3 | o o | o o | o 1| o2 0
24 |3.83 29.54| 402 3109 | 419 3256|424 33.09| 430 3462 | 3.92 31.36
48 | 4.09 33.37 | 430 34.50 | 4.48 36.42 | 4.48 36.26 | 4.37 35.81 | 4.26 36.09
72 | 4.21 34.50 | 521 49.15 | 4.56 37.44 | 458 37.23 | 4.35 34.93 | 4.24 35.23
o 96 |4.20 33.76 | 4.65 39.84 | 450 37.55|4.69 38.51|4.60 38.27 437 37.03
S| 120 | 4.34 35.67 | 476 40.17 | 4.69 38.81 | 4.65 37.87 | 4.66 37.81 | 4.37 36.55
Ml 144 | 242 36.28 | 531 4969 | 4.60 3848 | 475 39.15 | 4.62 37.61 | 451 37.77
168 | 4.42 36.02 | 4.89 42.07 | 4.72 38.68 | 4.76 39.33 | 4.46 35.06 | 4.44 37.07
336 | 4.47 34.91 | 4.90 41.74 | 4.83 39.92 | 476 37.98 | 4.55 35.27 | 4.68 37.93
720 | 4.58 34.88 | 5.54 53.09 | 4.88 40.48 | 4.95 39.64 | 4.72 36.44 | 4.93 39.85
\ AVG \ 4.28 34.33 ‘4.842 42.37 \ 4.63 37.81 \ 4.65 37.67 \ 452 36.20 \ 4.41 36.54
15t Count| 9 8 | o o | o o | o o | o 1| oo 0
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Table C.6: Multi-horizon forecasting performance for NOx and PM;jy at Folkunga-
gatan station, averaged over five independent runs. For each forecast horizon, the best-
performing model is highlighted in bold, and the second-best is underlined. The ‘AVG’
reports the mean performance across all horizons, while “1%¢ Count” indicates the number

of first-place ranks a model achieved across all forecast horizons.

‘ Ours ‘ Crossformer ‘ TimeXer ‘iTransformer‘ Transformer ‘ LSTM
Models
Metric | R2 MAPE| R2 MAPE| R? MAPE| R* MAPE| R? MAPE| R? MAPE
24 | 043 049 |044 050 |0.19 059 |015 054 |0.46 049 |0.44 0.48
48 |0.39 058 [023 072 |0.12 062 [008 057 |024 073 |0.39 0.55
72 |0.37 055 |034 060 |0.16 065 |0.14 0.60 |0.35 057 |0.35 0.54
. 96 |036 058 [0.37 058 [0.21 066 |0.10 062 [028 068 |028 0.59
% 120 |0.33 0.60 |0.31 0.59 |0.24 0.65 |0.05 065 |022 076 |0.28 0.59
144 |0.31 064 |0.31 0.60 |0.23 0.66 |0.01 066 |0.17 082 |0.28 0.62
168 |0.31 0.64 |0.30 0.63 |0.23 0.66 |-0.01 0.70 |0.24 0.66 |0.27 0.65
336 | 0.24 0.65 [0.25 0.63 |0.17 066 [-0.03 073 |0.19 066 |0.14 0.72
720 |0.19 0.66 |0.19 0.63 |0.01 0.75 |-0.28 0.92 |0.04 0.75 |0.02 0.76
| AvG [0.33 0.60 |030 061 |07 066 [0.02 067 [0.24 0.68 [0.27 0.61
15t Count| 6 1| 2 5 | o o | o o |1 o | o 4
24 |0.34 0.49 030 053 |027 058 |026 058 |022 061 [029 055
48 |0.24 0.56 |0.21 0.56 |0.17 066 |0.17 0.62 |0.18 0.63 |0.18 0.60
72 |0.20 0.53 |-0.15 0.55 |0.13 065 |0.13 0.63 |0.18 064 |0.18 0.61
o| 96 |0.19 053 |0.05 055 |0.10 0.66 |0.08 0.66 |0.09 0.66 |0.11 0.61
S| 120 [0.13 0.59 |0.02 0.60 |0.05 0.67 |0.08 0.69 |0.08 0.71 |0.11 0.61
A 144 010 0.57 |-023 058 |005 069 | 003 068 |0.07 071 |0.07 066
168 | 0.10 0.59 |-0.05 0.63 |0.03 0.69 |0.02 068 |0.12 0.68 |0.07 0.61
336 |0.03 0.70 [-0.16 0.71 |-0.11 0.70 [-0.05 0.72 |0.02 0.76 |-0.05 0.75
720 |-0.08 0.83 |-0.65 0.76 |-0.25 0.72 |-0.23 0.85 |-0.13 0.86 |-0.24 0.92
| AVG |[0.14 0.60 |-007 061 |0.05 067 [0.05 068 [0.09 070 [0.08 0.66
15t Count| 8 8 | o o | o 1| o o |1 o | o 0
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Table C.7: Multi-horizon forecasting performance for NOx and PM;(y at Hornsgatan sta-
tion, averaged over five independent runs. The best result for each horizon is shown in
bold, and the second-best is underlined. “AVG” denotes the average performance across
all horizons. “1%* Count” indicates how many times each model achieved the best result
across all horizons for the corresponding pollutant. The units for MAE and MSE are

pg/m3 and (ug/m?)?, respectively.

‘ Ours ‘Crossformer‘ TimeXer ‘iTransformer‘ Transformer‘ LSTM
Models
Metric | MAE MSE |MAE MSE |MAE MSE |MAE MSE |MAE MSE | MAE MSE
24 | 14.88 428.18 |14.92 430.60|16.59 548.23|16.19 518.15|15.37 455.26|14.77 416.49
48 | 15.44 448.97 |16.08 480.70|17.82 610.52|17.04 550.33|15.77 470.75|15.18 433.27
72 | 15.56 450.03 |17.85 575.55|18.01 605.93|17.57 579.26|16.62 516.50|15.43 447.26
«| 96 |15.96 471.34]17.90 567.15|18.18 605.49|17.31 566.12|17.68 576.54| 16.26 496.60
% 120 |16.67 508.53|19.03 627.13|18.12 598.58|17.79 593.57|18.42 602.16| 17.39 559.65
144 |17.09 527.67|18.09 581.88|18.33 604.89|18.22 617.39|18.52 605.16| 17.92 583.76
168 |17.52 550.72|18.20 582.46|18.35 608.02|18.43 626.59|18.70 613.99| 17.89 584.77
336 |17.84 575.94[19.60 653.42|18.70 645.06|19.27 671.66|19.23 641.01| 19.02 656.38
720 |18.90 613.48(19.32 627.58|19.86 723.21|19.96 710.41|20.47 697.34| 21.59 836.62
\ AVG ‘16.65 508.32‘17.89 569.61‘18.22 616.66‘17.98 603.72‘17.86 575.41\ 17.27 557.20
1St00unt‘6 6‘0 0\0 0\0 0\0 0\3 3
24 | 4.32 74.98 | 498 83.46 | 487 86.60 | 4.97 91.39 | 5.37 88.69 | 4.66 80.99
48 | 4.93 89.18 | 524 90.15 | 5.38 97.93 | 581 112.97| 5.30 91.98 | 5.00 91.59
72 | 5.02 91.99 | 5.90 102.86| 5.62 104.28| 6.14 125.57| 5.22 94.04 | 5.27 96.37
o| 96 |5.03 91.83|548 96.97 | 5.61 103.77| 578 107.99| 5.63 98.07 | 551 103.82
S| 120 | 5.29 98.47 | 5.90 103.03| 5.66 106.43| 6.00 111.69| 6.15 104.52| 5.70 104.53
A 144 | 5.36 101.60| 6.55 119.05| 5.85 110.85| 6.16 117.38| 5.73 100.10| 5.66 104.74
168 | 5.47 101.33 | 6.22 110.28| 5.79 111.29] 6.05 116.08| 5.78 98.58| 5.70 101.50
336 | 5.47 87.00 | 5.81 96.86 | 5.53 93.01 | 6.47 105.80| 5.74 88.84 | 5.70 89.82
720 | 5.67 70.41 | 7.03 108.37| 5.74 78.47 | 6.35 87.47 | 5.54 69.08| 6.76 85.11
\ AVG \ 5.18 89.64 \ 5.90 101.23\ 556 99.18 \ 5.97 108.48‘ 560 92.66 \ 555 95.39
IStCount‘S 7\0 0\0 0\0 0\1 2\0 0
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Table C.8: Multi-horizon forecasting performance for NOx and PM;( at Hornsgatan sta-
tion, averaged over five independent runs. For each forecast horizon, the best-performing
model is highlighted in bold, and the second-best is underlined. The ‘AVG’ reports the
mean performance across all horizons, while “15* Count” indicates the number of first-place

ranks a model achieved across all forecast horizons.

‘ Ours ‘ Crossformer ‘ TimeXer ‘iTransformer‘ Transformer ‘ LSTM
Models
Metric | R2 MAPE| R2 MAPE| R* MAPE| R? MAPE| R? MAPE| R? MAPE
24 |o52 191 |051 1.93 038 179 |042 1.75 | 049 224 |0.53 1.98
48 |049 207 |045 219 [030 1.91 |0.37 1.91 | 046 2.02 |0.51 1.86
72 048 221 034 245 (030 1.95 |0.33 211 | 041 239 |0.49 2.05
. 96 |0.45 229 034 235 [030 1.89 [034 218 | 033 250 |042 2.01
% 120 |0.41 229 027 242 |0.30 1.95 |0.31 232 | 030 246 |0.35 2.30
144 |0.38 2.26 [0.32 233 |0.29 2.01 [0.28 245 | 029 230 |0.32 2.37
168 |0.35 227 031 2.19 |0.28 2.13 |0.26 262 | 028 261 |0.31 225
336 |0.31 2.60 |0.22 2.62 [0.23 263 [020 297 |023 332 [022 271
720 |0.26 1.88 |0.24 1.78 |0.12 1.90 |0.14 1.97 |0.15 212 |-0.02 2.05
| AVG [0.41 220 |033 225 |028 2.02 [020 225 033 244 035 217
15t Count | 6 1| o 1| o 5 | o 1| o o | 3 1
24 |0.38 0.37 |0.31 045 028 044 |024 044 | 026 046 033 0.39
48 [0.25 044 |024 048 [017 048 |0.05 053 | 022 046 |023 0.43
72 |0.20 046 |0.11 055 [0.10 0.51 [-0.09 057 | 0.19 0.45 |0.17 0.45
o| 96 [0.19 0.47 [0.15 052 [0.08 051 [005 054 |014 052 [0.08 0.50
S| 120 [0.12 0.49 |0.08 056 |0.05 0.54 |0.00 058 | 0.07 061 |0.07 0.54
B 144 009 0.48 |-0.07 0.63 |0.00 057 |-006 0.60 |0.10 056 |0.06 0.55
168 |0.08 0.54 [0.00 0.61 |-0.01 0.56 [-0.05 0.59 |0.11 0.58 |0.08 0.57
336 |0.04 0.60 |-0.07 0.59 [-0.03 0.55 |-0.17 0.67 | 0.0l 0.61 |0.00 0.62
720 |-0.10 0.70 |-0.69 0.74 |-0.22 0.62 |-0.36 0.70 [-0.08 0.65 |-0.33 0.84
| AVG [0.14 0.50 |0.00 057 |0.05 053 |-004 058 |0.11 054 [0.08 0.54
15t Count| 6 5 | o0 o | o 2 | o o | 3 1| o 1




Table C.9: Multi-horizon forecasting performance for NOx and PM;( at Sveavégen station,
averaged over five independent runs. The best result for each horizon is shown in bold,
and the second-best is underlined. “AVG” denotes the average performance across all
horizons. “1%¢ Count” indicates how many times each model achieved the best result
across all horizons for the corresponding pollutant. The units for MAE and MSE are

pg/m3 and (ug/m?)?, respectively.

Model ‘ Ours ‘Crossformer‘ TimeXer ‘iTransformer‘ 'IYansformer‘ LSTM
odels

Metric |MAE MSE |MAE MSE |MAE MSE |MAE MSE |MAE MSE |MAE MSE

24 | 7.79 135.39] 8.22 143.91|10.12 218.54 9.59 197.97| 8.24 150.22| 8.41 150.51
48 | 8.08 140.62| 8.89 158.59|10.87 243.92| 9.85 208.45| 8.91 163.62| 8.72 160.63
72 | 8.32 148.89| 9.36 174.21|11.04 249.06|10.22 220.75| 9.61 185.48| 9.03 170.40
.| 96 |8.95 168.46|9.25 171.31|10.84 234.11|10.11 210.61|10.67 222.14| 9.50 190.62
% 120 | 9.41 183.82[10.22 201.94|10.75 228.83|10.16 209.98|11.25 236.01|10.27 212.90
144 |10.03 197.58|10.17 200.62|10.74 228.13|10.28 214.70|10.97 232.13|10.24 213.77
168 |10.07 202.68|10.86 219.56|10.71 227.67|10.48 219.92|11.01 231.54|10.66 223.03
336 |10.53 217.38|11.36 242.33|10.65 228.05|10.69 230.85|11.53 249.12|11.07 233.32
720 |10.78 230.72|10.86 228.50|11.24 259.80|10.92 238.93|12.30 273.52|11.92 262.63
| AVG | 9.33 180.62| 9.91 193.44|10.77 235.34]10.26 216.91|10.50 215.98| 9.98 201.98
15 Count| 9 9 | o o | o o | o o | o o | o o
24 | 391 27.66 | 4.02 29.15|4.37 3440|431 3329 | 4.05 30.28 |3.86 28.48
48 | 411 30.80 | 4.25 32.31 | 475 40.18 | 471 39.19 | 4.51 36.60 | 4.06 30.42
72 | 447 34.00 | 478 40.75 | 4.95 43.31 | 4.85 41.42 | 4.16 3178 | 4.04 29.78
o 96 | 436 3353 | 452 36.77 [4.94 4241|487 4152 | 451 3570 |4.30 33.17
S| 120 | 4.61 36.54 | 4.86 40.40 | 490 41.66 | 4.87 41.13 | 470 37.42 | 4.69 37.92
Bl qg4 | 473 3822 | 497 42.02 | 4.95 4226 | 4.95 41.93 |4.68 37.37| 4.86 39.45
168 | 4.71 3826 | 4.98 41.88 | 4.89 41.11 | 4.97 42.18 | 4.67 37.03| 4.76 37.58
336 | 4.86 39.32 | 5.11 43.63 | 4.74 39.59 | 488 40.77 | 4.70 36.63| 4.89 38.70
720 | 5.42 4574 | 5.37 48.85 |4.74 41.15| 4.99 42.60 | 4.96 39.50| 5.54 A47.60
| AVG | 458 36.02 | 4.76 39.53 | 4.80 40.67 | 4.82 40.45 | 4.55 35.81|4.56 35.90
15¢ Count| 1 2 | o o |1 o | o o | 3 4 |4 3
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Table C.10: Multi-horizon forecasting performance for NOx and PM;, at Sveavagen sta-
tion, averaged over five independent runs. For each forecast horizon, the best-performing
model is highlighted in bold, and the second-best is underlined. The ‘AVG’ reports the
mean performance across all horizons, while “15* Count” indicates the number of first-place

ranks a model achieved across all forecast horizons.

‘ Ours ‘ Crossformer ‘ TimeXer ‘iTransformer‘ Transformer ‘ LSTM
Models
Metric | R2 MAPE| R2 MAPE| R* MAPE| R? MAPE| R? MAPE| R? MAPE
24 |0.61 0.42 |0.58 044 037 055 |043 051 | 056 044 |056 048
48 [0.59 0.45 |0.53 050 |[0.28 0.60 |0.39 054 | 0.52 051 |0.53 0.49
72 |0.56 0.47 | 048 053 [0.26 0.62 |0.35 057 | 045 056 |0.50 0.52
.| 96 |0.50 0.52 (049 0.52 [031 064 |038 059 | 034 068 |043 0.55
% 120 |0.45 0.56 |0.40 0.61 |0.32 064 |0.37 0.60 | 030 075 |0.37 0.62
144 |0.41 063 |040 0.60 |0.32 064 |0.36 0.61 |030 071 |0.36 0.62
168 |0.39 0.61 [0.34 0.70 |0.31 064 |0.34 0.63 |0.30 0.69 |0.33 0.66
336 |0.32 0.67 | 025 0.76 [0.29 0.63 |0.28 0.62 | 0.22 0.78 |0.27 0.73
720 |0.26 0.68 |0.27 0.69 |0.17 0.61 |0.24 0.65 |0.13 0.87 |[0.16 0.80
| AVG [0.45 0.56 |042 060 029 062 [035 059 |0.35 0.67 [0.39 0.61
15t Count | 8 6 | 1 1| o 1| o 1| o o | o 0
24 |0.36 0.37 033 037 |021 042 |023 042 | 030 037 |034 0.35
48 |0.28 0.38 |0.25 041 [0.07 045 |0.09 045 | 0.15 039 |0.29 0.38
72 020 045 [0.05 045 |-0.01 047 [0.03 047 | 026 0.39 [0.30 0.38
of 96 |021 043 [0.13 042 [-0.00 048 |0.02 047 |0.16 045 |0.22 0.42
S| 120 |0.13 0.46 [0.04 050 |0.01 048 |0.02 048 | 0.11 047 |0.10 047
% 144 008 048 |-001 049 |-001 049 |-0.00 050 |0.10 0.46 |0.05 0.49
168 |0.08 0.46 |-0.01 0.50 |0.01 049 [-0.02 050 |0.11 0.46 |0.10 0.49
336 |0.01 0.50 |-0.10 0.52 [-0.00 0.46 |-0.03 0.49 |0.07 0.50 |0.02 0.54
720 |-0.23 0.61 |-0.31 0.53 |-0.10 0.43 |-0.14 0.51 [-0.06 0.55 |-0.28 0.64
| AVG [0.13 046 |0.04 047 |002 046 002 048 [0.13 0.45 [0.13 0.6
15t Count | 2 3 | o o | o 2 | o o | 4 1|3 3

69



Appendiz C.3. Statistical Significance Tests

Table C.11: Paired t-test results (p-values) between our model and baselines for NOx and
PMiq, averaged across all monitoring stations over five independent runs. “AVG” denotes
the average result across all horizons. Entries marked with “**” indicate p < 0.01, and

“*” indicates p < 0.05.

Crossformer ‘ TimeXer ‘ iTransformer ‘ Transformer ‘ LSTM

Models‘
Metric [MAE MSE R? MAPE|MAE MSE R2 MAPE|MAE MSE R? MAPE|MAE MSE R?* MAPE|MAE MSE R? MAPE

24 10.06 0.18 0.10 0.37 R Rk ek R FEORE RE (.25 R R Rk *ox 0.40 0.70 0.20 *
48 * 0.05 005 * FROORE %0010 ROk RR S 0.24 R R Rk * 0.89 0.85 * Hx
72 * * *0.07 HRoRE KR (.60 FRokR Rk (048 O * 0.06 0.10 * 0.14
» 96 kO Rk Rk ()44 sk Kk Kk Rk ko kR ()0 sk oKk kK Kk Rk Rk ()02
Ol 120 | ** * * * sk oKk Kk Rk sk kk kk * sk oKk kK Hk KRk k% ()94
z 144 | 0.06 * 0.05 0.94 sk Kk Rk sk sk Rk Kk sk sk oKk kK * * ** * 015
168 * * 0.08 0.71 sk okk Rk Rk sk Rk Rk Rk Kk oKk Kk *k * * ¥ 0.52
336 | *k Rk Rk (949 K Rk k% ()58 sk ok Kk Rk sk oKk kK Hk Kok oKk Kk *
720 10.32 0.58 0.77 0.02 Bk Rk kK ()45 sk ko Kk sk sk oKk Kk sk sk okk Kk ok
‘AVG‘ sk okk Kk sk sk oKk Kk ok sk Rk Kk sk sk oKk koK sk ko Rk X% ()9
24 Kk okk ok *5k Kk okk Rk Rk sk Rk Rk Rk Kk oKk Rk *k * * * *
48 **0.29 0.22 0.24 HH Rk ek ax R kR ek xx FRORE k% 0,09 | 0.45 0.29 0.28 0.55
72 OBk Rk 014 R Rk ek R R Rk Rk Rk 0.98 0.95 0.67 0.67 |0.53 0.62 0.57 0.74
ol 96 ko Rk k()34 sk oKk Kk kok sk Rk Kk sk sk okk koK Hk *0.05 * *
EH 120 * 006 * *x HRRR kR X BRoRR Rk kX **0.15 0.08 ** **0.07 0.06 0.06
A~ 144 | ** ok Kk Hok sk Rk Kk Rk sk ok Rk Rk ¥ 0.07 0.78 ** * .19 0.12 *
168 | ** * * * R Rk ek R Rk Rk Rk 0.11 0.07 0.02 * 0.09 0.74 0.58 *
336 * FROORE S 0.82 | 0.36 *F* K 0.20 ROk % 0.29 | 0.58 0.93 0.56 0.45 |0.21 0.22 0.14 0.26
720 | kO Ok ¥k 029 |0.13 * * *x 0.09 ** * 0.10 |0.06 0.13 0.13 0.00 HE Rk KX **
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Table C.12: Effect size (Cohen’s d) results between our model and baselines for NOx and
PM,, averaged across all monitoring stations over five independent runs. “AVG” denotes

the overall effect size across all horizons.

Model ‘ Crossformer ‘ TimeXer ‘ iTransformer ‘ Transformer ‘ LSTM
odels

Metric [MAE MSE R? MAPE|MAE MSE R? MAPE|[MAE MSE R? MAPE[MAE MSE R? MAPE|MAEMSE R? MAPE

24 |1.15 0.73 0.96 0.45 |24.2535.5549.34 4.21 |14.11 23.38 24.60 -0.60 | 3.84 2.92 2.26 2.12 |0.42 -0.19 0.69 1.56
48 |1.34 1.23 1.23 1.25 |31.7029.24 54.03 0.94 |27.89 24.2726.70 -0.62 | 9.41 12.0711.71 1.66 |-0.07 0.09 1.41 -3.01
72 |1.58 1.37 1.64 1.11 |68.89 38.94 35.39 -0.25 |29.31 25.0225.90 0.35 |4.78 3.44 4.97 1.47 |1.15 0.95 1.46 -0.84
96 |2.26 2.53 2.15 0.39 |36.78 70.24 48.00 -4.39 [16.49 18.2220.78 -0.06 | 7.55 7.48 10.28 3.00 |2.29 2.27 4.19 -1.69
120 | 2.11 1.54 1.58 1.41 |10.58 16.89 13.59 -2.37 [10.65 14.76 14.41 1.30 | 9.67 10.12 9.52 3.44 |3.44 6.46 5.84 0.62
144 | 1.19 1.60 1.23 0.04 |5.34 7.31 6.44 -2.22 |6.85 9.39 9.80 252 |5.18 595 584 1.63 |1.30 2.15 1.66 0.80
168 | 1.50 1.31 1.07 -0.18 | 6.02 16.31 14.22 -3.05 | 9.73 12.36 19.79 8.61 |3.94 3.86 4.07 3.45 |1.59 1.43 1.92 -0.31
336 |2.71 2.58 2.25 0.41 | 4.86 8.16 9.06 0.27 |11.5111.1713.29 4.57 |3.89 3.79 4.23 5.55 |3.40 2.38 2.98 1.94
720 | 0.51 0.27 0.14 -1.66 | 2.55 4.74 6.65 0.37 |3.99 5.22 841 242 |3.17 3.25 3.75 3.25 |4.31 6.43 6.08 3.07

NOx

|ava

1.16 1.02 1.01 0.41 |2.05 2.32 2.19 043 |4.40 6.62 6.54 0.79 |2.29 2.34 232 1.83 |0.98 0.88 1.07 0.19

24 |3.03 2.75 1.41 3.02 |4.65 4.25 4.36 12.65 |5.59 5.81 5.60 9.26 |3.58 2.55 2.16 4.80 |1.63 1.97 1.72 1.25
48 |2.19 0.55 0.65 0.62 |5.37 6.16 10.03 3.70 |6.16 10.3712.21 3.51 |3.20 2.44 2.67 1.01 |0.37 0.54 0.56 0.29
72 | 7.31 5.66 5.85 0.83 |3.04 3.63 3.11 2.34 |4.48 5.12 3.81 2.50 |0.01 -0.03 -0.21 0.20 [-0.31 0.24 -0.28 -0.16
96 |2.26 2.27 1.41 0.49 |10.54 8.03 8.06 6.23 |21.94 12.5410.48 4.86 |3.52 2.20 2.81 4.90 |1.37 1.22 1.55 1.29
120 {1.94 1.13 1.52 3.44 |5.81 4.02 5.68 2.52 [9.98 5.92 8.17 7.33 |247 0.81 1.02 10.15 |2.20 1.11 1.15 1.15
144 | 2.59 2.08 2.64 2.49 |3.35 3.83 2.66 6.55 |4.72 5.49 3.34 6.96 |1.38 0.02 0.13 3.84 |1.75 0.70 0.88 1.58
168 |2.35 1.87 1.53 1.41 |10.96 7.72 6.96 4.80 |7.14 7.41 9.03 3.99 |0.92 -1.11 -1.58 1.95 |0.98 0.16 0.27 1.80
336 | 1.29 2.38 3.24 -0.11 | 0.46 2.96 2.75 -0.68 |2.44 5.71 4.62 0.55 |0.27 -0.05-0.29 0.38 |0.66 0.65 0.83 0.59
720 | 3.36 4.95 6.25 -0.55 |-0.85 1.53 1.26 -4.96 | 1.01 2.33 1.84 -0.95 |-1.14 -0.86 -0.84 -2.61 |2.11 2.14 2.32 2.68

PMio

‘AVG‘L74 1.26 1.16 0.42 | 1.38 2.60 2.60 0.46 |2.80 2.95 3.20 1.38 |0.79 0.41 0.34 0.95 |0.82 0.83 0.73 0.85
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Appendiz C.4. Accuracy in Peak Concentrations

Figure C.16: Detection accuracy for peak PMjy concentrations measured by CSI and
FAR scores. Results show the average across all stations and five independent runs.

Corresponding mean values are labeled on each bar.
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Appendix D. Generalization Study at Suburban Site

Appendiz D.1. Site Description

(C) OpenStreetMap contributors (C) CARTO

Figure D.17: Geographical distribution of the monitoring stations. The suburban Hallunda
station is located adjacent to a major highway, geographically isolated from inner-city

street canyon stations.

We evaluate the distributional and temporal discrepancies between the
suburban Hallunda highway site and three urban street canyon stations.
The Kolmogorov-Smirnov (KS) tests confirm statistically significant distribu-
tional shift between the open highway environment and the canyon sites for
both pollutants (p < 0.001). Furthermore, the diurnal profiles reveal diver-

gent aerodynamic behaviors: the Hallunda site exhibits superior ventilation
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and dispersion, characterized by a rapid attenuation of NOx concentrations
between AM and PM traffic peaks. In contrast, the street canyon stations
show a distinct "trapping effect” with prolonged pollutant accumulation.
Similarly, PM;q levels at the highway site demonstrate higher volatility dur-
ing daylight hours compared to the more stable patterns within the urban

canyons.

A 4 A

Figure D.18: Distributional divergence and diurnal variations of NOx comparing the Hal-

lunda highway site with three street canyon stations.
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e A

Figure D.19: Distributional divergence and diurnal variations of PM;jy comparing the

Hallunda highway site with three street canyon stations.
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Appendiz D.2. Model Performance and Significance Tests

Table D.13: Multi-horizon forecasting performance for NOx and PMiq at Hallunda, aver-
aged over five independent runs. For each forecast horizon, the best-performing model is
highlighted in bold, and the second-best is underlined. The ‘AVG’ reports the mean per-
formance across all horizons, while “1%* Count” indicates the number of first-place ranks

a model achieved across all forecast horizons.

‘ Ours ‘ Crossformer ‘ Transformer ‘ LSTM
Models
Metric l MAE MSE R? MAPE l MAE MSE R? MAPE l MAE MSE R? MAPE l MAE MSE R? MAPE
24 12.84 349.47 0.43 0.74 |14.16 386.35 0.36 0.87 |16.95 522.99 0.14 1.06 [13.24 343.43 0.44 0.78
48 13.68* 370.48 0.39 0.82* |15.28 430.93 0.29 0.97 |16.60 489.00 0.19 1.08 |14.48 383.64 0.37 0.87
72 13.70 373.29 0.38 0.82 [15.33 436.06 0.28 0.98 |16.46 485.48 0.19 1.07 [14.43 377.31 0.37 0.88
% 96 15.18 435.42 0.27 0.96 |[15.67 442.82 0.26 1.03 |17.26 506.86 0.15 1.19 |15.46 439.47 0.27 0.94
g 120 15.38* 445.39* 0.26* 1.02 |16.52 484.92 0.19 1.12 |17.95 541.80 0.09 1.29 |16.11 468.11 0.22 1.04
144 16.01 486.48 0.18 1.06 |16.85 509.08 0.14 1.14 |17.55 531.10 0.11 1.22 |16.79 499.59 0.16 1.10
168 16.40 502.14 0.15 1.08 |17.64 537.04 0.09 1.25 |18.06 552.65 0.07 1.29 |16.57 482.23 0.19 1.09
336 17.25 552.53 0.06 1.14 |19.13 615.98 -0.04 1.38 |18.04 545.54 0.08 1.26 |18.27 563.61 0.05 1.24
720 17.46* 530.19* 0.10* 1.20 |19.95 638.03 -0.08 1.51 [20.06 645.17 -0.09 1.51 |19.58 631.68 -0.07 1.39
‘ AVG ‘15.32** 449.49* 0.25* 0.98** ‘ 16.73 49791 0.17 1.14 ‘ 17.66 535.62 0.10 1.22 |16.10 465.45 0.22 1.04
1t Count| 9 6 6 g8 o o o o |o 1 1 o | o 2 3 1
24 3.84** 31.96* 0.57* 0.44 | 4.24 36.67 0.51 0.47 |4.26 35.32 0.53 0.50 |3.93 32.31 0.57 0.48
48 4.38*  39.67* 0.45* 0.53 | 4.52 40.10 0.44 0.51 |4.87 44.61 0.38 0.59 |[4.26 39.77 044 0.49
72 4.20** 37.07 0.45 0.47**| 5.83 61.77 0.09 0.74 | 4.62 41.54 0.39 0.55 | 4.62 42.88 0.37 0.59
2 96 4.49** 42.75 0.33 0.53**| 5.57 5991 0.06 0.66 | 5.05 46.34 0.27 0.66 | 4.86 46.05 0.28 0.63
S| 120 | 4.56** 41.83* 0.31* 0.52**| 534 51.73 0.14 0.64 | 544 48.43 020 0.76 | 5.36 50.45 0.16 0.75
A 144 4.74**  43.46 0.25 0.56**| 5.86 57.22 0.01 0.78 |5.50 48.21 0.17 0.79 5.57 5141 0.11 0.79
168 4.78%* 42.28** 0.24** 0.60**| 5.29 4898 0.12 0.69 | 5.52 47.61 0.15 0.80 |5.37 50.85 0.09 0.74
336 4.89* 41.49* 0.11* 0.67**| 592 56.95 -0.22 0.86 |5.75 49.40 -0.06 0.89 |6.81 64.81 -0.39 1.10
720 6.29 53.84 -0.40 1.06 | 7.15 87.77 -1.28 1.04 |6.11 52.80 -0.37 1.03 | 7.92 87.92 -1.28 1.33
‘ AVG ‘ 4.69** 41.59** 0.26** 0.60**| 5.53 55.68 -0.01 0.71 | 5.24 46.03 0.18 0.73 | 5.41 51.83 0.04 0.77
15 Count| 7 8 8 7o 0o o 0 |2 5 1 2 |1 0 1 1

*/**: Ours outperforms the second-best model at p < 0.05/0.01 using two-sided paired t-test.
Second-best models: LSTM for NOx and Transformer for PMg.
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Table D.14: Paired t-test results (p-values) between our model and baselines for NOx
and PM; at Hallunda, averaged over five independent runs. “AVG” denotes the average
result across all horizons. Entries marked with “**” indicate p < 0.01, and “*” indicates

p < 0.05.

Model | Crossformer | Transformer | LSTM
odels

Metric [MAE MSE R? MAPE|MAE MSE R? MAPE|MAE MSE R? MAPE

24 * 0.11 0.11 * *ok *k ** ** 0.21 0.61 0.61 0.13
48 * * * * *% *% k% *k * 0.12 0.12 *
72 * * * * *ok ko wk *ok 0.06 0.57 0.57 0.23
v 96 | 0.28 0.70 0.70 0.22 Hok * * ok 0.72 0.88 0.88 0.81
% 120 Hk * * Hok Hok Hk kX ok * 0.09 0.09 0.40

144 | 0.14 0.36 0.36 0.13 ox R kX ok 0.17 0.51 0.51 0.44
168 | 0.13 0.20 0.20 0.10 ok R kX * 0.73 0.12 0.12 0.96

336 * * * * * 0.59 0.59 * 0.18 0.70 0.70 0.22
720 * *x *% * *% *x *x *x * * * 0.05
|AVG| *% *x *% *% *% *x *x *x *x * * *x

24 * ROk 044 ok * * 0.08 | 0.10 0.73 0.73 0.20
48 | 0.53 0.76 0.76 0.82 * * * 0.12 | 0.60 0.97 0.97 0.55

96 * * * * 042 042 * 0.05 0.05 0.09

PMio
—
DO
o
*
*
*

144 | 0.08 0.10 0.10 0.12 ¥ 0.06 0.06 ** ok * * ok
168 * 0.10 0.10 0.11 oK R kX ok * * * *

720 | 0.42 0.22 0.22 091 | 0.54 0.77 0.77 0.60 * * * 0.07
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Table D.15: Effect size (Cohen’s d) results between our model and baselines for NOx and
PM, o at Hallunda, averaged over five independent runs. “AVG” denotes the overall effect

| Crossformer | Transformer | LSTM
Models
Metric |MAE MSE R? MAPE|MAE MSE R? MAPE|MAE MSE R? MAPE
24 [1.33 091 091 1.62 [26.76 21.55 21.55 12.55 | 0.66 -0.25 -0.25 0.85
48 | 1.93 1.71 1.71 2.02 | 347 585 585 3.18 | 1.59 0.89 0.89 1.45
72 | 1.84 153 1.53 155 | 526 527 527 450 | 1.20 0.28 0.28 0.63
«| 96 | 055 019 0.9 0.66 | 233 2.00 2.00 243 |0.17 007 0.07 -0.11
CZ> 120 | 2.31 1.61 1.61 2.16 | 4.66 4.33 4.33 4.43 |1.82 1.00 1.00 0.42
144 | 0.82 0.46 0.46 0.85 |4.44 2.53 2.53 3.79 | 0.75 0.32 0.32 0.39
168 | 0.86 0.68 0.68 0.94 |2.25 3.12 3.12 1.68 | 0.17 -0.89 -0.89 0.03
336 | 2.01 1.30 1.30 1.89 | 1.31 -0.26 -0.26 1.54 | 0.73 0.19 0.19 0.66
720 | 1.79 2.43 243 151 |4.63 510 510 3.57 | 1.37 1.30 1.30 1.24
|AVG| 1.30 1.02 1.02 118 |28 159 1.60 254 |0.71 031 0.31 0.44
24 [ 1.59 2.08 208 0.39 |2.71 142 142 1.07 | 095 017 017 0.69
48 1031 015 0.15 -0.11 | 1.69 1.35 1.35 0.87 |-0.26 0.02 0.02 -0.29
72 [ 2.65 224 224 213 243 1.00 1.00 3.00 | 1.74 2.27 2.27 2.43
of 96 | 141 1.25 1.25 142 220 040 040 235 |1.85 1.22 1.22 1.00
E 120 | 1.68 1.34 1.34 122 |4.26 1.93 1.93 425 | 159 1.65 1.65 1.62

144 | 1.06 0.95 0.95 0.88 | 237 1.15 1.15 3.29 |293 199 1.99 3.53
168 | 1.28 0.94 094 094 |506 275 275 6.06 |1.71 180 1.80 1.52
336 | 1.86 1.82 1.82 1.57 |2.02 186 186 214 |7.19 3.40 3.40 28.88
720 | 0.41 0.65 0.65 -0.05 [-0.30 -0.14 -0.14 -0.26 | 1.27 1.49 149 1.10

|AVG|O.91 0.69 0.69 - 1.30 0.87 0.87 - 091 0.77 0.77 -
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Appendix E. Additional Model Interpretability

Appendiz E.1. PM10 Attribution Analysis
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Figure E.20: Attribution scores and feature rankings for PMj, forecasting. The upper
panel shows results obtained with X2-Attention, and the lower panel shows results using
GradientSHAP. For both, the heatmap illustrates how feature importance evolves across
lead times (1-72 hours), with darker colors indicating higher importance. The accompa-
nying bar chart presents the overall featuregﬁanking aggregated across all forecast steps,

with labels indicating the top 10 features.



