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Abstract — Accurate predictions of fine particulate matter (PM2.5) levels will significantly
contribute toward enhancing public health and provide valuable information to policymakers
regarding how to create and implement policies that protect the environment. The application
of deep-learning techniques has produced promising results in the area of PM2.5 forecasting;
however, few comparative studies using the same dataset and evaluation criteria have been
conducted. This study evaluates the performance of three of the most commonly used
sequence-oriented architectures (i.e., Long Short-Term Memory (LSTM), Gated Recurrent
Unit (GRU), and Neural Basis Expansion Analysis for Time Series (N-BEATS)) to predict
short-term PM2.5 levels. Each model was trained and tested using the same 70/15/15 data-
split ratio and the same four input window sizes (i.e., 5, 10, 15, and 20 hours). Generally, the
use of longer input windows improves accuracy; however, the rate of improvement is much
reduced beyond 15-20 time steps. N-BEATS produced higher accuracy than both recurrent
models over each of the evaluation metrics and input window sizes; specifically, at the 20-
hour time step, N-BEATS achieved a root mean squared error (RMSE) of 55.28 pg/m?* and
an R? value of 0.5116, which represents a reduction in RMSE of approximately 14 %
compared to the GRU while providing improved tracking of hazardous pollution events. N-
BEATS also trained at a significantly faster pace and experienced very little increase in
computational costs as input window lengths increased; whereas the training times of both
LSTM and GRU were essentially tripled. N-BEATS’ feed-forward architecture and block-
based design lend themselves to be executed in parallel, and the inherent basis-function
decomposition within N-BEATS is more conducive to modelling the sharp, non-linear
fluctuations typically present in pollution datasets. Overall, the findings presented in this
study demonstrate that N-BEATS is a viable and effective tool for near-real-time air-quality
forecasting applications and emphasize the need for standardization of benchmarking in the
field of atmospheric time-series analysis.
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1. INTRODUCTION

Air Pollution is one of the biggest dangers facing both human health and the Environment.
Haze Episodes occur so frequently they can hinder transportation, lower visibility, and
overwhelm healthcare Systems [1]. Fine Particulates (i.e., particulate matter <2 um in
diameter) pose significant health risks due to their ability to deeply penetrate lung tissue and
cause a wide variety of adverse health effects after extended periods of exposure.
Additionally, fine particulates can travel long distances and settle on water and soil surfaces
and participate in atmospheric chemical reactions contributing to acid rain and ecological
deterioration [2]. Fossil fuel combustion and industrial activities are the main contributors to
primary PM2.5 emissions. However, secondary PM2.5 formation occurs through chemical
transformations of gaseous precursors such as SO and Noyx. Epidemiologic studies have
identified numerous health effects of PM2.5 exposures. Short-term exposure to PM2.5 has
been linked to an increase in hospital admissions for respiratory and cardiovascular diseases.
Chronic exposure to PM2.5 has been shown to result in decreased lung function, increased
risk of stroke, and elevated mortality rates. The World Health Organization estimates that
globally, ambient air pollution results in approximately 4.2 million premature deaths annually
and that PM2.5 is the largest single environmental risk factor for those deaths. These data
have prompted many government and environmental agencies to commit large amounts of
resources to develop, implement, and maintain monitoring and early warning systems to
notify the public when pollutant concentrations reach hazardous levels.

The development of accurate forecasting systems for predicting PM2.5 concentrations is
far from being simple. A large number of factors (emission sources, atmospheric chemistry,
weather conditions, and geographical characteristics) interact to produce the particulate
matter (PM) levels. In addition, traditional statistical techniques (such as ARIMA and
regression models) have limitations in the ability to detect abrupt nonlinear changes in time
series (which are characteristic of actual pollution data). This has led the scientific community
to consider machine learning and, even more recently, deep learning algorithms that can
identify arbitrary nonlinear relationships between inputs and outputs from the data itself.

In order to predict PM2.5 values over short- and medium-term periods, authorities can
provide citizens with timely warnings about potential pollution episodes and citizens can also
reduce their own exposures during those episodes. Therefore, deep learning has been gaining
momentum as an approach to forecasting PM2.5 values, since it is capable of extracting both
the nonlinear and high-dimensional temporal structures present in air quality data. Research
in this area includes a variety of topics: the use of hybrid CNN-LSTM architectures that first
extract spatial features and then process them sequentially [3]-[6]; signal decomposition
and/or feature engineering strategies combined with recurrent neural networks [7]-[9];
encoder-decoder and optimization based architectures [10], [11]; interpolation based methods
for regions where there are few monitoring stations [12]-[14]; and those that utilize
reinforcement learning to train the models [15], [16]. Although these works report higher
accuracy than the baselines established using classical statistical techniques, many open
questions still exist concerning how well the models can generalize when the amount of
sensor data is reduced; the need to compare models trained under similar conditions (and
possibly on the same data); and the lack of understanding regarding which temporal patterns
the models are identifying [5], [13].

Based on the background above, we propose an experiment comparing three of the most
popular sequence predictors — LSTM, GRU, and N-BEATS — using PM2.5 as the target time
series for forecasting. Our study (i) holds all preprocessing and training settings constant so
that performance differences can be attributed mainly to model architecture, (ii) reports MAE,
RMSE, and R? across four input look-back windows under a fixed one-hour-ahead forecast
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horizon, and (iii) compares both predictive accuracy and training efficiency under the same
multivariate input setup. The rest of the paper is structured as follows: Section II provides an
overview of the three model architectures; Section III summarizes the experimental findings
and examines their implications; Section IV concludes with suggestions for further research.
As compared to many other studies which have compared only two different models or varied
the preprocessing pipeline among different architectures, our approach allows us to ensure
that all differences in the model’s performance are due to the model itself and not to other
aspects of the model’s design. Additionally, we move beyond simply reporting average
accuracy numbers and we also consider training efficiency, convergence behaviour, and the
model’s ability to accurately predict extreme pollution events, which is a critical issue for
public health applications but has received little attention in the literature on PM2.5
forecasting.

2. METHODOLOGY

Due to their complexity in terms of being nonlinear and varying over time, researchers have
difficulty using PM2.5 time series data. To resolve these issues, the researchers adopted the
use of neural network (NN) models for handling time series data [15]. We used three models
based on NN to analyse our time series data in this research: Long Short Term Memory
(LSTM), Gated Recurrent Unit (GRU), and Neural Basis Expansion Analysis for Time Series
(N-BEATS).

2.1. Long Short-Term Memory (LSTM) Model

Hochreiter and Schmidhuber introduced Long Short-Term Memory (LSTM) networks to
address the vanishing-gradient problem that hinders traditional recurrent neural networks
when learning long-range dependencies [17]. The ability of the LSTM to capture short- and
long-term dependencies in time-series data is provided by the gated memory cell, which
determines what stored information should be retained, updated, or erased [18]. Internally,
each LSTM unit relies on three gating mechanisms. The input gate regulates how much of the
new observation is written into the cell state. The forget gate decides which parts of the
existing memory to keep and which to discard. The output gate then controls what portion of
the cell state is exposed as the unit’s output [3].
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Fig. 1. Architecture of an LSTM cell.
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The LSTM cell shown in Fig. 1 computes its gate activations, cell state, and hidden state at
time step ¢ according to the following equations:

/. G(Wf [hf—l’xf]+bf')
i =G(W,[hH,xl]+b,.)
C =fxC,+ixL, (M
L= tanh(WC[hH,x,]+bC)
o, :cs(Wa[h[fl,xt]+bo)
h, =0, x tanh(C,)

In the equations above, the three gates are denoted by #; (input), f; (forget), and o, (output).
The symbol x; stands for the current input, 4, is the hidden state produced at the previous
step, and C;-; is the prior cell state. All three gates receive both x; and /- as their inputs.

When f; equals 0 the gate discards the stored information entirely; when f; equals 1 it passes
everything through. The function o is the sigmoid activation, Wy is the forget-gate weight
matrix, and by is the associated bias term.

The input gate controls the extent to which new information L, enters the memory cell at
each step. W;, W., and W, are the weight matrices associated with the input gate, cell state,
and output gate, while b,, b., and b, are their respective bias vectors.

The output gate takes the current input x; together with the previous hidden state #,-; and
computes the activation o, The hidden output %, is then obtained by element-wise
multiplication of o, with the cell state after it has been passed through the tanh non-linearity
[19]-[21].

2.2. Gated Recurrent Unit (GRU)

The GRU, proposed by Cho and colleagues in 2014, simplifies the LSTM design by
collapsing the separate forget and input gates into a single update gate [22]. This leaves the
GRU with just two gating signals, a reset gate and an update gate, which reduces the
parameter count while still allowing the network to model long-range dependencies [23].

The key idea behind GRU is that a single update gate can simultaneously handle what
LSTM achieves with separate forget and input gates. The Update Gate z, determines the
amount of the prior hidden state to keep in the prior hidden state (z; values close to 1 indicate
‘keep almost the same’ whereas values close to 0 indicate ‘replace the prior hidden state with
the candidate’). The Reset Gate r; determines the amount of prior state to feed into computing
the candidate activation; when rt is very close to zero, the unit will act as if the sequence had
just started, effectively letting the network “forget” its past which is irrelevant.

Since GRUs merge the two gates (z; & r;) into one, they typically have about 2/3 of the
number of parameters as an equivalent sized LSTM cell, thus making them easier to train and
less likely to over fit to small or moderately sized data sets. Studies on many different
sequential tasks show GRUs match or exceed LSTMs performance, however, due to the
limitations in size of PM2.5 training sets, where the largest limitation is the size of training
set from available continuous record monitors, the efficiency in the number of parameters can
be a useful benefit for the GRU.
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Fig. 2. Architecture of a GRU cell.

The GRU cell shown in Fig. 2 computes its update and reset gates, candidate activation,
and new hidden state at time step ¢ according to the following equations.

h=z0h,+(1-z)0h

z,=0(W.x,+U_h_ +b,) 2)
};[ :tanh(tht-kUh(l”, Oht*l)-‘rbh)

r=c(W,x,+U, h_+b,)

In these expressions, (O denotes element-wise (Hadamard) multiplication, ¢ is the sigmoid
activation, and tanh is the hyperbolic tangent. Both the reset gate r, and the update gate z; are
driven by two quantities: /4,1, the hidden state from the preceding step, and x;, the current
input vector. The learnable parameters W., W,, and W, are the corresponding weight matrices
[24], [25].

2.3. Neural Basis Expansion Analysis for Time Series (N-BEATS)

N-BEATS is a purely feed-forward deep neural network designed from the ground up for
time-series forecasting. It was introduced by Oreshkin and co-authors in 2019 and differs
from recurrent models in that it processes fixed-length input windows through a stack of fully
connected blocks rather than maintaining hidden states across time steps [28].

The N-BEATS network consists of two sub-networks: the Backcast network, which projects
historical data, and the Forecast network, which generates future predictions [27]. Each basic
block is composed of a shared fully connected (FC) stack followed by two linear layers that

use expansion coefficients 9‘[ and Of’ to produce the forecast O[k;f and backcast Of;b

outputs, respectively.
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Fig. 3. Basic block architecture of the N-BEATS network.
The operations in the basic building block are presented as (3):
k k k
h(r,r',l) - FC(AI)(X,) ? h(l«rl) o FC(z 2K, ) h<’v"v3) a (38, )
k k k
h . =FC o =FC h  =FC
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3
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h(’”) B FCUJ)(hf“M)’h(’v"«g) - FC(/,S)(;,,‘“M)’O(r,r) Llnear (h<t 8>)
(k.b)
O"" = Linear’(h )
(t.r (1.r.8)
For example, the first FC layer operation is
hf,, =ReLU(W, X, +b,), @)

where ReLU(+) is the rectified linear unit activation, W, is the weight matrix, and b, is the bias.
The linear layer for the forecast output is

k
o =wh hf . (3)
where Wtﬁ‘f is the forecast weight matrix.

To generate the block’s backcast and forecast contributions, the expansion coefficients are

. . . OF k,
combined with basis vectors L, and VL, f :
dim(0f /) dim(6f?
sk _ k.f _ kb
yt,r_ Z etrt rt’xt)_ z etrt il' (6)

i=1 i=1

The residual input to the next block is calculated as Eq. (7) and the aggregated forecast at block
r as Eq. (8), see next page:

_ ok
_xt 1r xtqr’ O
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Finally, the overall network prediction is
R
Va=27. ©)

”

representing the predicted value [29].

3. EXPERIMENTAL RESULTS

This section benchmarks three deep-learning architectures, N-BEATS, LSTM, and GRU,
for one-hour-ahead PM2.5 concentration forecasting. All models were trained and evaluated
using the same chronological 70/15/15 % train-validation-test split and the same four labelled
input look-back windows of 5, 10, 15, and 20 hours.

3.1. Dataset Description

The dataset used in this study is the Beijing PM2.5 dataset from the UCI Machine Learning
Repository [31]. It contains 43 824 hourly observations from 1 January 2010 to 31 December
2014. The PM2.5 target measurements were collected at the United States Embassy
monitoring site in Beijing, China, while the meteorological variables were obtained from
Beijing Capital International Airport. The raw fields include date and hour, PM2.5
concentration (png/m?®), dew point, temperature, pressure, combined wind direction, cumulated
wind speed, cumulated hours of snow, and cumulated hours of rain.

Missing PM2.5 values are marked as “NA” in the source dataset. In preprocessing, these
entries were converted to missing values and rows without a valid PM2.5 target were
removed; no PM2.5 imputation was applied. This removed 2067 rows and left 41 757 rows
with valid PM2.5 targets. Wind direction was one-hot encoded, date and row-number fields
were removed from the model input, and the numeric predictors and PM2.5 target were min-
max scaled to the range 0—1. Sliding-window samples containing missing values were
skipped.

The forecasting setup is multivariate: each input window includes historical PM2.5 together
with dew point, temperature, pressure, cumulated wind speed, cumulated snow hours,
cumulated rain hours, and one-hot wind-direction indicators. For each labelled look-back
window (ws =5, 10, 15, and 20 hours), the target is the PM2.5 concentration at the next hourly
step. Thus, the look-back window controls how much past information is provided to the
model, whereas the forecast horizon is fixed at one hour ahead for all experiments.

3.2. Model Configuration and Training Settings

All models were implemented in PyTorch and trained for 200 epochs using mean squared
error (MSE) loss, the Adagrad optimizer with a learning rate of 0.001, and a batch size of
1024. Training batches were not shuffled in order to preserve the chronological ordering of
the time-series samples. The best model checkpoint for each configuration was selected
according to the lowest validation loss. The LSTM and GRU models used five recurrent layers
with 64 hidden units and a final fully connected output layer. The N-BEATS model used five
blocks, each with five fully connected layers, a hidden size of 128, ReLU activations, and a
single-output forecast head.
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3.3. Training Time Comparison Across Sequence Lengths

Fig. 4 compares the training time of the LSTM, GRU, and N-BEATS models for each of
the four input look-back windows (ws = 5, 10, 15, and 20 hours), with all models trained
using the settings described in Section 3.2.

Training Time by Model and Window Size

2500 1 Model
== GRU
= LSTM

o 20007 EEE NBEATS
=
=]
(=3
3
2 1500
P
E
&
2 1000 4
£
&
500

Window Size

Fig. 4. Training time in seconds for LSTM, GRU, and N-BEATS across the four input look-back windows used for one-
hour-ahead PM2.5 forecasting.

The data clearly show how much faster the three architecture types are when processing
data at the smallest window (window size, ws = 5). GRU was about 200 seconds, LSTMs
were about 350 seconds, but N-BEATS completed in less than 50 seconds. The difference
widened even further at a window size of 20 where GRUs required roughly 2500 seconds and
LSTMs took roughly 1800 seconds, an increase of roughly 10 x and 5 x from their respective
base line of 5 sec, while N-BEATS increased only slightly to about 70 seconds.

The reason for these results is simple. The two models LSTMs and GRU both take the input
sequence step-by-step; the hidden states depend upon the hidden state of the previous step,
therefore, doubling the window length roughly doubles the number of steps in the sequential
processing chain, therefore, doubling the wall clock time. The model N-BEATS, however, is
fully feedforward. It treats all the data in the look-back window as a single fixed length vector
and feeds it into multiple fully connected parallel layers. Therefore, because there is no
recursion, the forward and backward pass can both be done in a very parallel manner on
current GPU hardware, and increasing the amount of input steps only adds to the width of the
first layer, and does not add to the depth of the computation graph.

3.4. Convergence Behaviour

The convergence behaviour of the three architectures was examined through their learning
curves. Fig. 5, Fig. 6, and Fig. 7 present the training and validation MSE losses of the LSTM,
GRU, and N-BEATS models, respectively, over the 200 training epochs. The losses are
computed on the min—max-scaled data, and each figure contains four panels, one per input
look-back window.
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Fig. 5. LSTM training and validation MSE loss curves across input look-back windows of 5, 10, 15, and 20 hours.
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Fig. 6. GRU training and validation MSE loss curves across input look-back windows of 5, 10, 15, and 20 hours.
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Fig. 7. N-BEATS training and validation MSE loss curves across input look-back windows of 5, 10, 15, and 20 hours.

3.5. Comparative Performance Analysis

Table 1, Table 2, and Table 3 report the test-set performance of the LSTM, GRU, and
N-BEATS models, respectively, for the four input look-back windows. Five evaluation
metrics are reported: MSE, RMSE, MAE, MAPE, and R?. The error metrics are computed
after inverse scaling, so RMSE and MAE are expressed in pg/m?; lower error values and

higher R? values indicate better forecasting performance.

TABLE 1. TEST-SET PERFORMANCE OF THE LSTM MODEL FOR ONE-HOUR-AHEAD PM2.5
FORECASTING ACROSS INPUT LOOK-BACK WINDOWS. ERROR METRICS ARE COMPUTED AFTER

INVERSE SCALING

Metric 5 10 15 20

MSE 5105.48 4948.84 4482.87 4116.90
RMSE 71.45 70.35 66.95 64.16
MAE 53.57 52.34 48.64 45.63
MAPE 148.03 % 143.09 % 130.33 % 117.87 %
R?> Score 0.1839 0.2091 0.2836 0.3421

TABLE 2. TEST-SET PERFORMANCE OF THE GRU MODEL FOR ONE-HOUR-AHEAD PM2.5
FORECASTING ACROSS INPUT LOOK-BACK WINDOWS. ERROR METRICS ARE COMPUTED AFTER

INVERSE SCALING

Metric 5 10 15 20

MSE 4512.22 4364.94 4180.85 4028.94
RMSE 67.17 66.07 64.66 63.47
MAE 48.87 4791 46.38 45.75
MAPE 127.82 % 122.99 % 117.53 % 118.04 %
R Score 0.2788 0.3024 0.3319 0.3562
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TABLE 3. TEST-SET PERFORMANCE OF THE N-BEATS MODEL FOR ONE-HOUR-AHEAD PM2.5
FORECASTING ACROSS INPUT LOOK-BACK WINDOWS. ERROR METRICS ARE COMPUTED AFTER
INVERSE SCALING

Metric 5 10 15 20
MSE 3981.10 3644.41 3159.71 3056.28
RMSE 63.10 60.37 56.21 55.28
MAE 44.87 42.60 39.57 38.77
MAPE 102.68 % 92.25% 84.46 % 82.32%
R Score 0.3637 0.4176 0.4951 0.5116

As can be seen when comparing tables, there are several common trends. For all three
models — LSTM, GRU and N-BEATS - all three error metrics — MSE, MAE, and MAPE —
improve as the window size is increased from 5 to 20 hours, and all three R? metrics increase
with time. When we specifically examine how much the RMSE improved for each of the three
models, we see that the RMSE decreased from 71.45 at ws = 5 to 64.16 at ws = 20 for the
LSTM model, which represents an approximate 10 % improvement. A similar pattern also
exists for both the GRU (RMSE decreases from 67.17 to 63.47 —a 5.5 % improvement) and
N-BEATS (RMSE decreases from 63.10 to 55.28 — a 12.4 % improvement) models. One
interesting aspect of this is that the N-BEATS model seems to benefit the most from larger
windows; it is clear that the basis function decomposition utilized by N-BEATS utilizes the
added temporal data very effectively — as opposed to the RNNs, where it appears they have
already saturated at some point. While the performance of all models does improve with
window size, the speed of improvement slows down. Specifically, for the N-BEATS model,
the amount of RMSE improvement per hour of added data was 2.73 pg/m? when going from
ws =5 to ws = 10, then 4.16 pg/m*® when going from ws = 10 to ws = 15, and then only
0.93 pg/m? when going from ws = 15 to ws = 20. It appears that nearly all of the useful signal
for predicting is contained within a 15-20 hour look back window and adding additional hours
will result in little or no additional gain in terms of accuracy while requiring much more
memory. N-BEATS has the lowest RMSE at ws = 20 with an RMSE of 55.28 pg/m?, an MAE
0of 38.77 pg/m?, and an R? of 0.5116. The second best performing model is GRU, with RMSE
=63.47, MAE =45.75, and R* = 0.3562. The worst performing model at ws = 20 is the LSTM
model, with RMSE = 64.16, MAE = 45.63, and R* = 0.3421. Therefore, N-BEATS provides
a 12.9 % reduction in RMSE relative to GRU and a 13.8 % reduction in RMSE relative to
LSTM. Furthermore, the R? improvement is significant as well: N-BEATS explains
approximately 51 % of the variance in PM2.5 concentration levels versus approximately 36 %
for GRU and 34 % for LSTM. This difference clearly indicates the advantages of using the
N-BEATS architecture to capture the complexities in the nonlinear dynamics of particulate
matter.

Finally, the R? score across all models and window sizes remains under 0.52, indicating that
the tested configurations explain only about half of the test-set variation in PM2.5
concentration. This should be interpreted in light of the study design. The experiments are
multivariate because the inputs include PM2.5 history together with meteorological and wind-
related variables; however, they are still limited to a single monitoring location and a fixed
one-hour-ahead forecasting task. The dataset does not include several important external
drivers, such as traffic intensity, emission inventories, boundary-layer height, land-use
information, or chemical precursor concentrations. These missing drivers, together with the
rarity of extreme pollution episodes, likely explain part of the remaining unexplained
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variance. The present setup should therefore be viewed as a controlled multivariate
benchmark rather than a complete operational air-quality forecasting system.

3.6. Time Series Analysis

To complement the aggregate metrics in Tables 1-3, Fig. 8, Fig. 9, and Fig. 10 compare the
observed PM2.5 concentrations on the test set with the one-hour-ahead forecasts generated
by the LSTM, GRU, and N-BEATS models, respectively. Each figure contains four panels,
one per input look-back window, allowing a visual assessment of how closely each model
tracks both typical fluctuations and extreme pollution episodes.

Actual vs. Predicted Time Series for All Window Sizes
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400 Predicted pm2.5 400 - Predicted pm2.5
b )
E E
8. 200 4 2200
0 = 0 "
T T T T T T T T T T T T T T
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000
Time Time
ws=15 ws=20
—— Actual pm2.5 —— Actual pm2.5
400 - Predicted pm2.5 400 - Predicted pm2.5
v v
g g
. 200 4 2. 200 4
04 0
T T T T T T T T T T T T T T
0 1000 2000 3000 4000 5000 6000 0 1000 2000 3000 4000 5000 6000
Time Time

Fig. 8. Observed and one-hour-ahead predicted PM2.5 concentrations on the test set generated by the LSTM model across
the four input look-back windows.
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Actual vs. Predicted Time Series for All Window Sizes
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Fig. 9. Observed and one-hour-ahead predicted PM2.5 concentrations on the test set generated by the GRU model across
the four input look-back windows.
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Fig. 10. Observed and one-hour-ahead predicted PM2.5 concentrations on the test set generated by the N-BEATS model
across the four input look-back windows.

538



Environmental and Climate Technologies

2026 /30

The plots show that N-BEATS follows high-concentration episodes more closely than the
recurrent models, while all models improve as the look-back window increases from 5 to 20
hours. The largest errors still occur during rare extreme pollution spikes, indicating that
additional explanatory variables are needed for more reliable peak-event forecasting.

3.7. Discussion

The results show that N-BEATS outperforms LSTM and GRU on the tested accuracy
metrics while requiring substantially less training time. This performance advantage is
consistent with the feed-forward block structure of N-BEATS, which processes fixed-length
input windows without recurrent state updates [28].

The maximum R? value for N-BEATS is about 0.51, so a considerable amount of PM2.5
variation remains unexplained. This limitation is not due to a univariate setup; the experiment
is multivariate, but the dataset covers one station and excludes important external drivers such
as traffic, emission inventories, boundary-layer height, and chemical precursor variables. N-
BEATS provides one possible path for incorporating additional exogenous variables in future
model development [30]. Recent studies in Environmental and Climate Technologies also
emphasize the importance of clear air-quality assessment criteria, forecasting methodology,
and data quality in Al-driven environmental and building-energy applications [32]—-[36].

4. CONCLUSION AND FUTURE WORK

Two overarching conclusions emerge from our experiments. First, extending the look-back
window improves prediction quality, but the marginal gains diminish as the window grows
beyond 15-20 steps. Second, N-BEATS not only yields lower aggregate errors than LSTM
and GRU, but also tracks the timing and severity of dangerous pollution episodes more
faithfully—a property that is particularly valuable for real-time air-quality alert systems.

In this study, we carried out a direct, controlled comparison of LSTM, GRU, and N-BEATS
for short-horizon PM2.5 forecasting. All three architectures were evaluated under the same
one-hour-ahead forecast horizon and four input look-back windows. In general, adding
additional historical context resulted in lower error; however, the improvement levelled off
when the input window reached approximately 15-20 hours. Across the tested input-window
configurations, N-BEATS consistently produced the lowest error and the largest R? values
compared to both LSTM and GRU. At the 20-hour look-back window (the longest),
N-BEATS generated an RMSE of 55.28 pg/m® and an R? value of 0.5116, resulting in a
13—-14 % reduction in RMSE compared to both GRU (63.47 pg/m?®) and LSTM (64.16 pg/m?3).
GRU was able to slightly outperform LSTM at every window-size. While N-BEATS was the
most accurate of the three architectures, it also trained much faster than the recurrent
architectures (N-BEATS < 70 sec vs. GRU/LSTM < 2500 sec) regardless of window size,
providing a significant advantage for conducting iterative experiments or for repeatedly
retraining the model in operational use.

Future work should evaluate longer multi-step forecast horizons, include additional external
drivers such as traffic, emissions, boundary-layer height, and chemical precursor variables,
and test transferability across cities.
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