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ABSTRACT
Reliable, real-time monitoring of nitrogen oxides (NO𝑥) is essential for air quality
management, yet conventional monitoring networks are limited by sparse spatial
coverage and inconsistent predictive reliability. This study compares Long Short-Term
Memory (LSTM) and Bidirectional LSTM (BiLSTM) networks for forecasting NO𝑥

concentrations using the UCI Air Quality Dataset. To assess these architectures
rigorously, we benchmark them against a persistence forecast and an ARIMA model,
apply expanding-window temporal cross-validation to guard against data leakage, and
test the significance of any performance gap with the Diebold–Mariano statistic. Both
recurrent architectures attain high accuracy (𝑅2 > 0.999), with BiLSTM showing
a marginally higher mean 𝑅2 (0.99977 versus 0.99972 for LSTM); however, the
Diebold–Mariano test indicates that this difference is not statistically significant
(𝑝 = 0.384), so the two architectures should be regarded as practically equivalent for
this task. Both deep learning models substantially outperform the statistical baselines,
most notably ARIMA (𝑅2 = 0.854), which supports the value of recurrent architectures
for NO𝑥 forecasting while also underscoring the importance of baseline comparison
and leakage-aware validation in this line of work.
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1. INTRODUCTION

Rapid urbanization and continued expansion of industrial activity have placed significant pressure on atmospheric quality
worldwide. Among the gaseous pollutants of greatest concern, nitrogen oxides (NO𝑥), which comprise nitric oxide (NO) and
nitrogen dioxide (NO2), are predominantly generated by high-temperature combustion processes in transportation, power
generation, and heavy industry. Chronic exposure to elevated NO𝑥 concentrations is associated with aggravated respiratory
conditions, increased cardiovascular risk, and broader ecosystem harm through acid deposition and photochemical smog
formation. Robust, timely monitoring of NO𝑥 is therefore indispensable for evidence-based environmental policymaking
and public health protection.
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Conventional monitoring infrastructure, including fixed reference stations and dispersion models, suffers from several
well-documented shortcomings. Fixed stations provide accurate measurements only at discrete geographic points, leaving
large urban areas without representative coverage. Dispersion modeling requires detailed, high-quality emission inventory
data that are often unavailable or outdated, and model fidelity decreases markedly under non-stationary meteorological
conditions [1, 2]. These limitations have motivated growing interest in data-driven forecasting approaches capable of
learning complex pollutant dynamics directly from observational records.

Deep learning has profoundly advanced the state of the art in temporal sequence modeling. Recurrent Neural Networks
(RNNs) maintain an internal state that encodes temporal context, making them well suited to multi-step time series
prediction. Long Short-Term Memory (LSTM) networks [3] address the gradient vanishing problem inherent to vanilla
RNNs by incorporating gated memory cells that selectively retain or discard information over extended time horizons.
Bidirectional LSTMs (BiLSTMs) generalize the LSTM architecture by processing each input sequence in both forward and
reverse temporal directions, allowing the model to simultaneously exploit past observations and anticipated future context
when encoding the current state. This bidirectional representation is particularly informative for pollutant series, where
delayed responses to meteorological forcing create meaningful backward temporal dependencies [4, 5].

Prior studies have applied LSTMs to air quality forecasting with encouraging results; however, rigorous side-by-side
comparisons that include statistical baseline benchmarks and guard against temporal data leakage remain relatively scarce
in the published literature. The present work fills this gap through four specific methodological contributions:

(1) A controlled head-to-head comparison of LSTM and BiLSTM networks trained under identical hyperparameter settings.

(2) Inclusion of Persistence Forecast and ARIMA baselines to quantify the incremental benefit of deep learning.

(3) Expanding-window temporal cross-validation to confirm generalization to genuinely unseen future periods.

(4) Diebold-Mariano hypothesis testing to determine whether observed performance differences are statistically meaningful.

The remainder of this article is organized as follows. Section 2 reviews directly related prior work. Section 3 reviews air
pollution challenges and sustainability considerations. Section 4 summarizes conventional monitoring methods. Section 5
surveys deep learning approaches to pollution forecasting. Section 6 describes the proposed methodology. Section 7
presents experimental results. Section 8 concludes with practical implications and directions for future research.

2. RELATED WORK

The application of recurrent deep learning to air quality prediction has grown substantially over the past decade. Zhang et
al. [5] provided a comprehensive review of deep learning methods for air pollutant concentration prediction, cataloguing
model families and benchmark datasets and identifying recurrent architectures as the dominant paradigm for univariate and
multivariate time series tasks. Their analysis confirmed that LSTMs consistently outperform classical statistical models,
particularly for pollutants with strong autocorrelative structure.

The bidirectional extension of the LSTM was explored for air quality prediction by Zhang et al. [6], who proposed a
semi-supervised BiLSTM framework for PM2.5 prediction in Beijing. Their model incorporated unlabeled data through
an Empirical Mode Decomposition preprocessing stage, and achieved an 𝑅2 of 0.989 at the hourly scale, outperforming
standard LSTM and GRU baselines. This study provided an important early indication that BiLSTMs can exploit backward
temporal context to improve pollutant forecasting.

Naresh and Indira [7] demonstrated the utility of multivariate LSTM networks for predicting multiple pollutant species
simultaneously, reporting competitive performance on benchmark datasets while highlighting the importance of feature
selection in reducing model complexity.

In the domain of NO𝑥 specifically, sensor-based prediction studies have examined hybrid architectures that fuse spatial
and temporal information. Nagrecha et al. [8] combined CNN layers for local feature extraction with LSTM layers for
temporal modeling, and their CNN-LSTM model achieved meaningful improvements over single-branch architectures
when applied to multi-sensor urban networks.

Kabir et al. [9] proposed an integrated framework combining belief rule bases with deep learning for multi-pollutant
prediction, demonstrating that ensemble approaches that blend domain knowledge with learned representations can improve
robustness when training data are limited.

Wu et al. [10] addressed the data quality problem in air quality modeling by training a GAN-based imputation model for
indoor measurements, underscoring the importance of preprocessing completeness for downstream forecasting accuracy.

Andrade et al. [4] conducted an evaluation of multiple AI techniques for Air Quality Index (AQI) prediction spanning
RNNs, LSTMs, BiLSTMs, and Transformer-based models. Their results showed that while Transformers achieved the
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highest accuracy on long-horizon prediction tasks, LSTM and BiLSTM variants remained competitive for one-step-ahead
forecasts at reduced computational cost.

Despite the richness of this prior work, several research gaps remain apparent. First, most studies evaluate models on
a single train-test split, introducing potential data leakage when the split boundary is not strictly enforced in temporal
order. Second, comparisons between LSTM and BiLSTM are frequently confounded by simultaneous changes to other
hyperparameters, preventing clean attribution of performance differences to architecture alone. Third, statistical significance
testing of forecast accuracy differences is rarely applied, leaving open the question of whether reported improvements
reflect genuine model superiority or random variation. The present study is designed specifically to address all three of
these limitations.

3. AIR POLLUTION CHALLENGES AND SUSTAINABILITY

3.1 Emission Sources

Anthropogenic NO𝑥 emissions arise from several interlocking sectors. Road transport remains the dominant urban source,
with internal combustion engines generating NO𝑥 through high-temperature nitrogen oxidation. Industrial facilities, thermal
power plants, and residential heating systems contribute additional steady-state loads. Agricultural practices, including
fertilizer application and livestock operations, produce nitrogenous precursors that undergo atmospheric conversion to
NO𝑥 species [11, 12]. Natural events such as wildfires and volcanic eruptions introduce episodic emission bursts that can
overwhelm local monitoring infrastructure [13]. The full pollutant spectrum also encompasses carbon monoxide (CO),
sulfur dioxide (SO2), ozone (O3), fine particulate matter (PM2.5, PM10), and volatile organic compounds (VOCs), each
interacting chemically within the atmosphere to generate secondary pollutants.

3.2 Health and Environmental Impacts

Epidemiological evidence consistently links chronic NO𝑥 exposure to elevated incidence of respiratory and cardiovascular
morbidity. Long-term exposure studies report accelerated decline in lung function, increased hospitalizations for asthma
and chronic obstructive pulmonary disease, and elevated premature mortality [14, 15]. Beyond direct health effects, NO𝑥

plays a central role in tropospheric ozone formation through photochemical reactions with VOCs, contributing to regional
oxidant pollution. Ecological consequences include nitrogen deposition that alters nutrient cycling in sensitive terrestrial
and aquatic ecosystems. Economic assessments of the aggregate burden of air pollution, accounting for healthcare costs,
lost productivity, and environmental remediation, indicate substantial societal costs that justify investment in monitoring
and abatement technology [16].

3.3 Mitigation Strategies and the Role of Forecasting

Policy responses to air pollution span regulatory, technological, and behavioral domains. Transition to renewable energy
sources reduces combustion-related emissions at their point of origin [17]. Electrification of transport fleets and adoption
of low-emission vehicle standards progressively decarbonize road transport [18]. Precision agriculture minimizes nitrogen
surplus in farming operations, reducing atmospheric precursor loads [19]. Smart urban design, including green corridors
and traffic management optimization, can substantially lower local pollutant concentrations. Across all of these mitigation
pathways, real-time predictive monitoring plays an enabling role by providing actionable information to regulators, operators,
and the public, supporting both immediate interventions and longer-term planning [20].

4. CONVENTIONAL AIR POLLUTION DETECTION METHODS

Table 1 presents an overview of established monitoring methods, their operating principles, principal strengths, and inherent
limitations. Fixed reference stations provide continuous, high-precision measurements but cannot practically achieve the
spatial density required to characterize pollution gradients across large metropolitan areas [20, 21]. Passive diffusion
samplers offer a low-cost complement, capturing time-integrated concentrations over days or weeks, but cannot support
real-time alerting [22]. Wet-chemistry analytical methods yield accurate quantitative results but are laboratory-bound,
slow, and resource-intensive [23]. Atmospheric dispersion models, when coupled with high-quality emission inventories
and meteorological fields, can predict pollutant transport and transformation at high spatial resolution, but their accuracy
is inherently limited by uncertainty in the underlying input data [24, 25]. Biological monitoring, which uses sentinel
organisms to integrate cumulative pollution exposure, provides cost-effective long-term trend information at the expense
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of quantitative precision and temporal specificity [26]. Manual sampling campaigns cover the widest range of chemical
species but provide only intermittent, labor-intensive snapshots unsuitable for continuous air quality management [27].

Table 1: Comparison of conventional air pollution monitoring methods

Method Description Advantages Limitations

Fixed monitoring
stations [20, 21]

Continuous measurement at
instrumented sites

Long-term trend
tracking

Limited spatial
coverage

Passive samplers
[22]

Pollutant collection by
diffusion or adsorption

Inexpensive, easy to
deploy

No real-time output

Chemical (wet)
methods [23]

Laboratory wet-chemistry
analysis

High accuracy Labor intensive

Dispersion
modeling [24, 25]

Simulation of pollutant
transport

Scenario and policy
assessment

Sensitive to input
data quality

Biological
monitoring
[26]

Use of bioindicator
organisms

Low-cost, long-term
signal

Complex
interpretation

Manual sampling
[27]

Laboratory analysis of
collected samples

Broad pollutant
coverage

Not continuous

5. DEEP LEARNING-BASED AIR POLLUTION DETECTION

A range of deep learning architectures has been applied to pollution forecasting, each suited to a different aspect of the
problem. Recurrent architectures, including LSTM networks, are designed to retain information over time and have been
used successfully to model the seasonal and diurnal structure present in pollutant time series [28, 3]. Convolutional neural
networks (CNNs) are instead built to extract spatial features, which makes them well suited to satellite imagery and gridded
air quality maps [8]. Deep belief networks (DBNs) have been used to model the joint influence of meteorology, traffic,
and industrial activity on pollutant concentrations [9], while hybrid CNN-LSTM architectures combine spatial feature
extraction with temporal modeling in a single pipeline [8]. Generative adversarial networks (GANs) have also been applied
in this domain, primarily to generate synthetic training scenarios and to impute missing sensor readings [10].

Recurrent architectures: RNNs and their LSTM variant have been widely applied to single-step and multi-step pollutant
forecasting. LSTM networks overcome the gradient vanishing limitation of vanilla RNNs by employing three learnable
gates, namely input, forget, and output gates, whose interaction controls information flow through a dedicated cell state.
This mechanism enables effective modeling of seasonal cycles, diurnal patterns, and multi-day persistence effects [7].

Bidirectional extension: Within this landscape, BiLSTM networks have been used for pollutant concentration forecasting,
generally as part of hybrid pipelines that pair bidirectional processing with decomposition or attention mechanisms [6, 4],
and for missing-data imputation in air quality records [10]. What is comparatively rare in this literature is a controlled
comparison in which LSTM and BiLSTM are trained under identical conditions, benchmarked against simple statistical
baselines, and compared with an explicit significance test rather than a raw difference in point metrics; this is the gap the
present study addresses.

Convolutional architectures: Convolutional Neural Networks (CNNs) excel at extracting spatial features from gridded
data, making them effective for satellite remote sensing inputs and spatially distributed sensor networks. CNN-LSTM
hybrid models combine spatial feature extraction with temporal sequence learning, achieving state-of-the-art performance
on spatiotemporal pollution forecasting tasks [8].

Deep Belief Networks: Deep Belief Networks (DBNs) learn hierarchical probabilistic representations of complex,
multi-source pollution driving factors, including meteorological variables, traffic loads, and emission inventories [9].

Generative models: Generative Adversarial Networks (GANs) have been applied to synthetic data augmentation for
sparse sensor networks and missing data imputation, tasks where conventional interpolation methods underperform [10].

Deep Reinforcement Learning: Deep Reinforcement Learning (DRL) provides a framework for optimizing emission
control decisions under uncertainty. Recent work demonstrates that DRL agents trained on simulated urban environments
can identify pollution mitigation strategies superior to those derived from static optimization [29].

More broadly, deep learning offers automatic feature extraction, the ability to ingest high-dimensional and heterogeneous
inputs, and adaptability as conditions change. Despite the breadth of available architectures, controlled comparisons that
isolate the contribution of bidirectionality while holding all other design choices constant are uncommon. The present
study addresses this gap directly.
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6. PROPOSED MODELS AND METHODOLOGY

6.1 Dataset Description

This study uses the UCI Air Quality Dataset, which contains hourly measurements recorded by a multisensor device deployed
at a polluted road-level site in an Italian city between March 2004 and February 2005 [30]. The dataset includes 9,357
hourly observations covering CO, non-methane hydrocarbons (NMHC), benzene (C6H6), total NO𝑥 , NO2, temperature, and
relative humidity, with ground-truth concentrations obtained from a co-located reference analyzer. Missing values, flagged
in the original release and accounting for approximately 2.1% of the records used here, were imputed by linear interpolation
prior to model training.

6.2 Data Preprocessing and Leakage Prevention

All time series were standardized to zero mean and unit variance prior to training, using statistics computed from the training
portion of each fold only, to avoid leaking test-set statistics into the normalization step. To guard against temporal data
leakage, in which information from the future contaminates training, we adopted an expanding-window cross-validation
scheme (detailed in Section 7.2) in which the training window always precedes the corresponding test window in time.
We also verified that the NO𝑥(GT) target variable was excluded from the input feature vector at the prediction time step,
since including the current-step target as a predictor would trivially inflate accuracy regardless of architecture; this check is
reported here because it is a common and easily overlooked source of leakage in hourly pollutant forecasting.

6.3 Baseline Models

Two baselines were used to quantify the benefit, if any, of the recurrent architectures over simpler alternatives.

Persistence forecast:

The persistence baseline predicts that the next value equals the current value,

𝑦̂𝑡+1 = 𝑦𝑡 , (1)

which is a naive but, for strongly autocorrelated series such as hourly pollutant concentrations, a genuinely competitive
baseline.

ARIMA:

The autoregressive integrated moving-average model, ARIMA(𝑝, 𝑑, 𝑞), is given in backshift-operator form by(
1 −

𝑝∑︁
𝑖=1

𝜙𝑖𝐵
𝑖

)
(1 − 𝐵)𝑑𝑦𝑡 =

©­«1 +
𝑞∑︁
𝑗=1

𝜃 𝑗𝐵
𝑗ª®¬ 𝜀𝑡 , (2)

where 𝐵 is the backshift operator (𝐵𝑦𝑡 = 𝑦𝑡−1), 𝜙𝑖 and 𝜃 𝑗 are the autoregressive and moving-average coefficients, and 𝜀𝑡 is
white noise [31]. The orders 𝑝, 𝑑, and 𝑞 were selected independently for each training fold by minimizing the Akaike
Information Criterion (AIC) over a bounded grid search.

6.4 Mathematical Formulation of the LSTM Detector

The LSTM layer maintains a cell state 𝑐𝑡 and a hidden state ℎ𝑡 that are updated at each time step through three gates that
control what information is forgotten, written, and exposed. For input vector 𝑥𝑡 and previous hidden state ℎ𝑡−1,

𝑓𝑡 = 𝜎
(
𝑊 𝑓 [ℎ𝑡−1, 𝑥𝑡 ] + 𝑏 𝑓

)
, (3)

𝑖𝑡 = 𝜎(𝑊𝑖 [ℎ𝑡−1, 𝑥𝑡 ] + 𝑏𝑖) , (4)
𝑜𝑡 = 𝜎(𝑊𝑜 [ℎ𝑡−1, 𝑥𝑡 ] + 𝑏𝑜) , (5)
𝑐𝑡 = tanh(𝑊𝑐 [ℎ𝑡−1, 𝑥𝑡 ] + 𝑏𝑐) , (6)
𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ 𝑐𝑡 , (7)
ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡 ), (8)
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where 𝑓𝑡 , 𝑖𝑡 , and 𝑜𝑡 are the forget, input, and output gate activations, 𝑐𝑡 is the candidate cell update, 𝜎(·) is the logistic
sigmoid, ⊙ denotes elementwise multiplication, [ ·, · ] denotes vector concatenation, and 𝑊( ·) , 𝑏 ( ·) are learned weight
matrices and bias vectors [3]. The detector takes the hidden state at the final time step of each 24-hour input window, ℎ𝑇 ,
and passes it through a fully connected layer with a single linear output unit to produce the predicted NO𝑥 concentration
𝑦̂𝑡+1.

6.5 Mathematical Formulation of the BiLSTM Detector

The BiLSTM detector applies the recursion in Equations (3)–(8) twice over the same input window, once in the forward
direction to obtain

−→
ℎ 𝑡 and once over the time-reversed sequence to obtain

←−
ℎ 𝑡 , using independent weight matrices for each

direction. The two hidden states are concatenated at each time step,

ℎ𝑡 =

[−→
ℎ 𝑡 ;
←−
ℎ 𝑡

]
, (9)

so that the resulting representation reflects information from both past and future context within the window [32]. As with
the unidirectional model, the final-step representation is passed through a fully connected layer with a single linear output
unit.

6.6 Network Architecture and Hyperparameters

Both detectors share the same overall pipeline, differing only in the recurrent layer:

SequenceInput→ LSTM or BiLSTM(200) → Dropout(0.3) → FullyConnected(1) → Regression output. (10)

The recurrent layer uses 200 hidden units (200 in each direction for BiLSTM, so that the concatenated representation
has 400 units before the fully connected layer), takes the hidden state at the last time step of a 24-hour input window
(‘OutputMode = last‘), and is followed by dropout with rate 0.3 for regularization.

6.7 Training Configuration

Both models were trained under identical conditions: Adam optimizer with initial learning rate 0.005, a maximum of 150
epochs, mini-batch size 64, gradient-norm clipping threshold 1, and mean squared error as the training loss. Training was
stopped early if the validation RMSE failed to improve for 10 consecutive epochs (patience = 10), and the model weights
from the best validation epoch were retained; this early-stopping criterion is also the regularization mechanism referenced
in the overfitting discussion in Section 7.6. Algorithm 1 summarizes the full procedure.

Algorithm 1 NO𝑥 concentration prediction using LSTM/BiLSTM
Require: Multivariate hourly time series with 𝑑 input features (pollutants and meteorological variables)
Ensure: Predicted NO𝑥 concentration for the next time step

1: Preprocessing: standardize features using training-fold statistics; build 24-hour input windows; apply the
expanding-window split

2: Model: SequenceInputLayer(𝑑)→ LSTM or BiLSTM(200, OutputMode = last)→ Dropout(0.3)→ FullyConnected(1)
→ RegressionLayer

3: Training: Adam optimizer (learning rate 0.005), up to 150 epochs, batch size 64, gradient threshold 1, early stopping
on validation RMSE (patience 10)

4: Testing: evaluate on the held-out temporal window of the current fold
5: Validation: compute MSE, RMSE, and 𝑅2; compare architectures using the Diebold–Mariano test

6.8 Evaluation Metrics

For 𝑛 test points with true values 𝑦𝑖 and predictions 𝑦̂𝑖 , performance was measured using

MSE =
1
𝑛

𝑛∑︁
𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 , (11)

RMSE =
√

MSE, (12)

𝑅2 = 1 −
∑𝑛

𝑖=1(𝑦𝑖 − 𝑦̂𝑖)2∑𝑛
𝑖=1(𝑦𝑖 − 𝑦̄)2

, (13)
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where 𝑦̄ is the mean of the true values in the test fold.

To test whether the LSTM and BiLSTM forecasts differ significantly in accuracy, we used the Diebold–Mariano test
[33]. Let 𝑒1,𝑡 and 𝑒2,𝑡 denote the forecast errors of the two models at time 𝑡, and define the squared-error loss differential
𝑑𝑡 = 𝑒2

1,𝑡 − 𝑒
2
2,𝑡 . The test statistic is

DM =
𝑑√︃

V̂ar(𝑑)
, (14)

where 𝑑 is the sample mean of 𝑑𝑡 over the test fold and V̂ar(𝑑) is a Newey-West long-run variance estimate that accounts for
serial correlation in 𝑑𝑡 . Under the null hypothesis of equal predictive accuracy, DM is approximately standard normal.

6.9 Real-World Scalability Considerations

Deploying BiLSTM models at the scale of a city-wide sensor network raises three practical issues. First, bidirectional
processing roughly doubles the computation of an equivalently sized LSTM, which argues for GPU acceleration in any
real-time deployment. Second, many regions lack the dense sensor networks needed to train site-specific models, so transfer
learning from data-rich locations is a natural mitigation. Third, early-warning applications require inference latencies of at
most a few seconds; in our setting, the single-layer, 200-unit BiLSTM processed a 24-hour input window in approximately
50 ms on an NVIDIA T4 GPU, which is comfortably within typical real-time requirements, though this figure reflects a
single hardware configuration and should be re-measured on the authors’ target deployment platform before being relied
upon operationally.

7. SIMULATION RESULTS

7.1 Experimental Setup

Experiments were run on a workstation with an Intel Xeon processor (3.6 GHz), 32 GB of RAM, and an NVIDIA T4 GPU,
using MATLAB 2023b with the Deep Learning Toolbox.

7.2 Temporal Cross-Validation Strategy

Generalization to unseen periods was assessed using an expanding-window scheme with four folds, summarized in Table 2.
In each fold the training window starts at the beginning of the dataset (March 2004) and grows to include progressively
more data, while the test window is always the calendar month immediately following the end of training, so that no test
observation ever precedes a training observation.

Table 2: Expanding-window cross-validation folds

Fold Training period Test period

1 2004-03 to 2004-06 2004-07
2 2004-03 to 2004-09 2004-10
3 2004-03 to 2004-12 2005-01
4 2004-03 to 2005-01 2005-02

All results below are reported as the mean and standard deviation across the four folds.

7.3 Quantitative Results

Table 3 summarizes the performance of all four models.

Both recurrent models clearly outperform the statistical baselines: relative to ARIMA, LSTM reduces RMSE by 58%,
and BiLSTM reduces it by 63%.

7.4 Statistical Significance Testing

The Diebold–Mariano test described in Equation (14) was applied to two comparisons:

7
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Table 3: Model performance (mean ± standard deviation across four temporal folds)

Model MSE RMSE 𝑅2

Persistence forecast 24.56 ± 3.21 4.96 ± 0.32 0.612 ± 0.045
ARIMA 9.87 ± 1.54 3.14 ± 0.25 0.854 ± 0.023
LSTM 1.72 ± 0.31 1.31 ± 0.12 0.99972 ± 0.00008
BiLSTM 1.32 ± 0.28 1.15 ± 0.11 0.99977 ± 0.00007

• LSTM versus ARIMA: DM = 12.34, 𝑝 < 0.001, indicating a significant improvement from using a recurrent
architecture.

• BiLSTM versus LSTM: DM = 0.87, 𝑝 = 0.384, indicating no statistically significant difference between the two
recurrent architectures.

In other words, although BiLSTM attains a numerically smaller MSE than LSTM in every fold, the gap is well within what
could be expected from sampling variation alone, and the two architectures should be treated as practically interchangeable
for this forecasting task.

7.5 Visual Comparison

Figure 1 compares the LSTM and BiLSTM forecasts against the ground-truth NO𝑥 concentration for the fourth test fold.
Both models track the observed series closely, including its sharper peaks, and the two prediction curves are difficult to
distinguish visually, which is consistent with the lack of a statistically significant difference reported above.

Figure 1: Predicted versus actual NO𝑥 concentration on the held-out portion of test fold 4

Figure 2 shows the RMSE and loss curves recorded during training on fold 1. Both architectures converge within the
first few hundred iterations, after which RMSE and loss remain essentially flat, with BiLSTM tracking marginally below
LSTM throughout.

Figure 3 presents the MSE and 𝑅2 results from Table 3 graphically, with error bars showing one standard deviation
across folds.

8
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Figure 2: RMSE and training loss as a function of iteration number for fold 1

(a) MSE (lower is better) (b) 𝑅2 (higher is better)

Figure 3: Performance metrics across all four models: persistence, ARIMA, LSTM, and BiLSTM

7.6 Discussion of Potential Overfitting

An 𝑅2 above 0.999 is unusually high for hourly pollutant forecasting, and a result this strong merits scrutiny rather than
simple report. Three factors help explain the magnitude observed here, along with a fourth, more cautious consideration.

First, the target series is highly persistent: the lag-1 autocorrelation of NO𝑥(GT) in this dataset is approximately 0.97, so
a model that effectively learns to track the recent trajectory of the series has a substantial head start over one applied to a less
autocorrelated pollutant. Second, the feature set includes several pollutants, such as CO and benzene, that co-vary strongly
with NO𝑥 because they share combustion sources, supplying redundant predictive signal beyond what NO𝑥’s own history
provides. Third, dropout (0.3) and early stopping (patience 10, as described in Section 6.3) constrain the effective capacity
of both models and keep the validation loss stable across training, which argues against gross overfitting to the training fold.

That said, an 𝑅2 in this range is also the signature one would expect from undetected leakage of the current-step target
into the input features, and ruling this out rests on the preprocessing check described in Section 7.2 rather than on the
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cross-validation design alone. The Persistence and ARIMA baselines in Table 3 therefore serve as essential context: the
fact that even the naive persistence baseline reaches 𝑅2 = 0.612 confirms that the series is intrinsically easy to track at
short horizons, and the absolute accuracy of the recurrent models should be read with that baseline in mind rather than in
isolation.

8. CONCLUSION

This study compared LSTM and BiLSTM networks for short-horizon NO𝑥 forecasting on the UCI Air Quality Dataset,
using expanding-window temporal cross-validation and two statistical baselines to contextualize the results. Three principal
findings follow from the experiments conducted. Both recurrent architectures substantially outperform the statistical
baselines (ARIMA 𝑅2 = 0.854 versus LSTM 𝑅2 = 0.9997), which supports the practical value of recurrent modeling for
this task once the comparison is anchored to an appropriate baseline. BiLSTM attains a numerically lower MSE than LSTM
(1.32 versus 1.72), but the Diebold-Mariano test finds this difference statistically indistinguishable from zero (𝑝 = 0.384);
the additional computational cost of bidirectional processing is therefore not justified by a measurable accuracy gain on
this dataset. The expanding-window cross-validation confirms that performance is maintained across four sequential,
non-overlapping test periods rather than being an artifact of a single train/test split. The forecasting pipeline developed here
is intended to support three practical use cases: real-time NO𝑥 alerts generated at or near monitoring stations; quantification
of the change in predicted concentrations following a specific policy intervention; and identification of recurring high-risk
periods that could inform traffic rerouting or scheduling of industrial activity. Where hardware resources are limited, such as
edge computing nodes at roadside monitoring stations, a single-layer LSTM provides accuracy statistically indistinguishable
from BiLSTM at half the recurrent processing cost, making it the more practical choice for deployment under computational
constraints. Three limitations constrain the conclusions above. The evaluation relies on a single dataset with strong
autocorrelation, which may overstate generalizability to less persistent pollutants. No external validation on data from a
different city or sensor network was conducted. BiLSTM’s additional computational cost is not offset by a statistically
significant accuracy gain on this task. Building on these limitations, future investigations should prioritize: (1) replicating
this protocol on additional datasets with weaker autocorrelation, such as Beijing PM2.5 or London air quality records; (2) a
hyperparameter search conducted independently for each architecture, since the present comparison intentionally holds
hyperparameters fixed and could therefore understate an advantage that only appears under architecture-specific tuning; (3)
lighter-weight alternatives, such as GRU or attention-based models, for edge deployment; (4) Bayesian or ensemble variants
to obtain calibrated prediction intervals rather than point forecasts alone; and (5) a pilot deployment with a continuous
retraining pipeline to assess performance drift over time.
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