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Abstract—Forecasting fine particulate matter (PM2.5) 

concentrations is an important task in urban environmental 

management because of its effects on human health and its 

association with critical air pollution episodes. This study presents a 

controlled univariate multi-horizon comparison between classical 

statistical models and deep learning for daily PM2.5 forecasting at 

an urban monitoring station in Santiago, Chile. The analysis used 

an official time series from the Sistema de Información Nacional de 

Calidad del Aire (SINCA) covering 2010–2025. Four approaches 

were evaluated: a weekly Seasonal Naïve baseline, ARIMA, 

SARIMA, and a Long Short-Term Memory (LSTM) network. 

Forecasts were assessed at 1, 7, 14, 21, and 28 days ahead using a 

chronological train-validation-test split and temporally consistent 

model selection and evaluation procedures. Performance was 

measured with RMSE and R². The results showed that LSTM 

achieved the best overall performance across all forecasting horizons, 

with RMSE values ranging from 7.61 to 12.98, while the Seasonal 

Naïve baseline showed the weakest results. LSTM also obtained the 

highest explanatory performance, consistently outperforming 

ARIMA, SARIMA, and the baseline. These findings indicate that 

even under a strictly univariate formulation, model choice has a 

substantial effect on PM2.5 forecasting accuracy. 

Keywords—PM2.5 forecasting, air quality, time series 

forecasting, deep learning, LSTM. 

 

I.  INTRODUCTION 

Fine particulate matter PM2.5 consists of particles with an 

aerodynamic diameter less than or equal to 2.5 𝜇𝑚, capable of 

penetrating deeply into the respiratory system and associated 

with adverse effects on human health [1]. Due to their size and 

atmospheric persistence, these particles can reach high 

concentrations in densely populated urban environments, 

particularly in cities with intense vehicular, industrial, and 

residential activity [2]. In Chile, the management of critical 

pollution episodes also considers operational PM2.5 ranges of 

alert between 80 and 109 μg/m3, pre-emergency between 110 

and 169 μg/m3, and emergency for concentrations greater than 

or equal to 170 μg/m3, which reflects the environmental and 

public health relevance of their monitoring and anticipation [3]. 

In Santiago, Chile, air pollution has historically constituted 

a major environmental problem [4] [5], especially during the 

colder months, when atmospheric ventilation decreases and 

pollutant accumulation is favored. In this context, the ability to 

anticipate the evolution of PM2.5 is relevant for air quality 

surveillance, the implementation of preventive measures, and 

the analysis of urban pollution trends. The availability of 

official records from the National Air Quality Information 

System of Chile (Sistema de Informacion Nacional de Calidad 

del Aire, SINCA) makes it possible to address this problem 

through temporal modeling tools applied to long and 

environmentally representative historical series [6]. 

Among the available strategies for environmental time 

series forecasting, classical statistical models continue to be 

widely used because of their interpretability and theoretical 

foundation, whereas deep learning approaches have gained 

interest because of their ability to model nonlinear relationships 

and more complex temporal dependencies [7] [8]. However, the 

relative performance of these model families depends both on 

the nature of the series and on the forecasting horizon 

considered. In air quality problems, this distinction is 

particularly important, since a model may perform adequately 

at short horizons and lose predictive capacity when longer 

anticipation is required [1] [4] [9]. 

This study provides a controlled, univariate, and multi-

horizon methodological comparison of daily PM2.5 forecasting 

methods using official data from an urban station in Santiago, 

Chile, for the period 2010–2025. Specifically, a weekly 

seasonal naïve baseline, an AutoRegressive Integrated Moving 

Average (ARIMA) model, a Seasonal AutoRegressive 

Integrated Moving Average (SARIMA) model, and an LSTM 

network are compared at forecasting horizons of 1, 7, 14, 21, 

and 28 days. The study seeks to analyze how the relative 

performance of these approaches changes as the forecasting 

horizon increases, while maintaining a homogeneous 

evaluation framework over an official environmental 

monitoring series. The results show that LSTM achieved the 

best overall performance, with Root Mean Square Error 

(RMSE) values between 7.61 and 12.98 and R² values between 

0.754 and 0.284, consistently outperforming the statistical 

models and the baseline. The contribution of this work does not 

lie in proposing a new forecasting architecture, but in providing 

a controlled and chronologically consistent benchmark for 

comparing established statistical and deep learning models 

under homogeneous conditions. By using official long-term 

data from Santiago, Chile, and evaluating multiple forecasting 

horizons, the study offers a reproducible reference for assessing 

how model choice affects daily PM2.5 prediction in an urban 

Latin American context. 

II. METHODOLOGY 

The present study was designed as a methodological 

comparison between classical statistical approaches and deep 
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learning for the univariate forecasting of daily PM2.5 

concentrations in an urban context. From the perspective of 

environmental engineering, the interest lies not only in the 

abstract predictive performance of the models, but also in their 

ability to represent the temporal evolution of an atmospheric 

pollutant of high public health and environmental relevance 

across different forecasting horizons. For this purpose, a 

chronologically consistent experimental protocol was defined, 

based on a single official historical PM2.5 series, so that all 

methods were evaluated under the same temporal conditions 

and on the same target variable. 

Since the objective of the study was to compare forecasting 

models on a daily PM2.5 series, the target variable was 

constructed as the calendar-day average of the hourly 

concentrations recorded in each temporal subset. This decision 

simplifies the modeling problem and maintains consistency 

with the univariate approach adopted, while also allowing a 

homogeneous comparison among methods with different 

assumptions and internal mechanisms. However, it should be 

noted that the regulatory thresholds associated with critical 

PM2.5 pollution episodes in Chile are defined on the basis of 

24-hour moving concentrations, that is, averages calculated 

over consecutive 24-hour windows rather than strictly over 

calendar-day averages [3]. Therefore, in this work these 

thresholds are considered as a contextual reference for 

interpreting concentration magnitudes, but not as an exact 

reconstruction of the official operational criterion used to 

determine critical episodes. 

 

A. Data Source  

The data used in this study were obtained from the SINCA, 

the official environmental monitoring platform in Chile [6]. In 

particular, hourly PM2.5 concentration records from the La 

Florida (Acreditada) station were used. This station is located 

in the commune of La Florida, in the Santiago Metropolitan 

Region, and is operated by the Ministry of the Environment 

(Ministerio del Medio Ambiente) [10]. According to the official 

station record, it has been accredited since September 27, 2024, 

receives data online, and has a reported start of operation on 

March 24, 1997. For the MP2.5 parameter, the reported 

measurement technique is beta radiation attenuation, with a 

range from 4 to 1000 μg/m3. The station record also reports 

historical availability of hourly MP2.5 records since January 1, 

2000.  

The period analyzed in this study ranged from 01-01-2010 

to 31-12-2025, covering the years 2010 to 2025 and providing 

a sufficiently long series for model fitting, selection, and final 

evaluation. The choice of SINCA is justified by the fact that it 

provides official, continuous, and standardized air quality 

records, making it an appropriate source for temporal modeling 

studies in environmental engineering. Although the original 

database included other atmospheric pollution variables, the 

present study was deliberately restricted to the historical PM2.5 

series as the sole input and output variable. This methodological 

decision was intended to ensure comparability among models, 

preventing differences in the use of exogenous variables from 

introducing structural advantages for any particular family of 

methods. Consequently, the problem was formulated as a 

strictly univariate forecasting task based on a real daily 

environmental monitoring series. 

As a contextual reference for the environmental 

interpretation of the series, the operational ranges commonly 

associated with critical PM2.5 episodes in Chile may be 

mentioned: alert between 80 and 109 μg/m3, pre-emergency 

between 110 and 169 μg/m3, and emergency for values greater 

than or equal to 170 μg/m3. In this work, these levels [3] were 

not used as a training variable or as a classification criterion, 

but only as an interpretive framework for the magnitude of 

certain observed concentrations. 

 

B. Construction of the Daily Series and Preprocessing 

The original dataset was loaded from separate files for 

training, validation, and test, retaining only the common 

columns available across the three subsets. Subsequently, it was 

verified that the temporal index of each subset corresponded to 

a DatetimeIndex, records with invalid dates were removed, the 

observations were sorted chronologically, and the variables 

were converted to numeric format. These operations ensured 

temporal consistency and reduced potential errors derived from 

heterogeneous formats in later stages of the pipeline. 

Let 𝑥𝑡 denote the hourly PM2.5 concentration observed at 

hour 𝑡, and let 𝐷𝑑 denote the set of hours belonging to calendar 

day 𝑑. In addition, let 𝑛𝑑 be the number of hourly observations 

available on that day. From the hourly PM2.5 series, a daily 

series was constructed by taking the average over each calendar 

day, defined as: 

𝑦𝑑 =
1

𝑛𝑑

∑ 𝑥𝑡

𝑡∈𝐷𝑑

 (1) 

Where 𝑦𝑑  represents the average daily PM2.5 

concentration for day 𝑑 . This daily series constituted the 

common basis used in the final comparison among models. 

In addition to the original daily version, a regularized daily 

version was generated through reindexing to daily frequency 

and missing value treatment within each temporal block. For 

this purpose, time-based interpolation was applied, followed by 

forward filling and backward filling, yielding a continuous 

series suitable for the construction of sliding windows in the 

LSTM model. In operational terms, this stage made it possible 

to obtain a regular representation of the signal without altering 

the chronological logic of the main partition. The complete 

series was retained both in its original version and in its filled 

version in order to preserve methodological traceability 

between the aggregated signal and the signal ultimately used in 

the experiments. 

Fig. 1 shows the daily behavior of PM2.5 in the training, 

validation, and test subsets. This visualization shows the 

marked interannual variability of the series, the presence of 

seasonal cycles, and the temporal continuity of the experimental 

partition. From an environmental perspective, the figure also 

shows that the highest concentrations tend to cluster in certain 

periods of the year, which reinforces the relevance of 

addressing the problem through temporal modeling techniques. 
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Fig. 1 Daily behavior of PM2.5 in the training, validation, and test subsets, 

constructed from the calendar-day average of hourly concentrations. 

 

C. Temporal Partition of the Experiment 

To preserve the temporal structure of the problem, the 

series was not randomly divided. Instead, a chronological 

partition into three subsets was employed: training, validation, 

and test. The training set covered the period 2010 to 2023, the 

validation set corresponded to the year 2024, and the test set 

corresponded to the year 2025. This strategy separated the 

stages of model fitting, configuration selection, and final out-

of-sample evaluation. 

The choice of a chronological partition responds to the 

prospective nature of the environmental forecasting problem. In 

real air quality applications, predictions must be issued using 

only information available up to the current time, so a random 

partition would introduce temporal leakage and prevent a 

realistic evaluation [9] [11]. Under this design, the validation 

set was used to select configurations or compare internal 

variants of each model family, whereas the test set was reserved 

for the final evaluation. 

The forecasting horizons considered were 1, 7, 14, 21, and 

28 days. If ℎ denotes the forecasting horizon, then the set of 

evaluated horizons was ℋ = {1, 7, 14, 21, 28}. This selection 

made it possible to study both short-term prediction and the 

progressive degradation of performance as the required 

anticipation increased. From an environmental perspective, 

these horizons cover scenarios ranging from rapid response to 

time windows of interest for the preventive monitoring of 

pollution trends. 

 

D. Univariate Formulation and Comparability Criterion 

The study was formulated in a strictly univariate manner. 

This means that all models used only the past history of the 

daily PM2.5 series to generate future predictions, without 

incorporating meteorological variables, other stations, or 

additional pollutants as model inputs. The main reason for this 

decision was to ensure a homogeneous basis for comparison 

among methods of different nature. 

Let 𝑦𝑡  denote the daily PM2.5 concentration at time 𝑡, and 

let ℎ be a forecasting horizon belonging to ℋ. Under a general 

univariate formulation, the forecast can be represented as a 

function of the past values of the series itself: 

𝑦̂𝑡+ℎ = 𝑓(𝑦𝑡 , 𝑦𝑡−1, 𝑦𝑡−2, … , 𝑦𝑡−𝐿+1) (2) 

Where 𝑦̂𝑡+ℎ  is the predicted value for horizon ℎ , 𝑓(. ) 

represents the prediction rule of the model, and 𝐿 corresponds 

to the effective history length used.  

In particular, the inclusion of exogenous variables could 

have benefited certain approaches unevenly, especially more 

flexible models or those with greater representational capacity, 

making it difficult to attribute the observed differences to the 

temporal modeling mechanism itself [4] [9]. In contrast, the 

univariate approach forces all methods to extract information 

exclusively from the historical dynamics of the pollutant, which 

makes the comparison methodologically cleaner [12] [13]. 

Under this formulation, performance differences mainly reflect 

the ability of each approach to capture temporal dependence, 

seasonality, smoothing, and nonlinearity present in the PM2.5 

series [1] [9]. Thus, this section frames the study as a controlled 

comparison of model families for daily PM2.5 forecasting using 

an official urban Chilean series. 

 

E. Evaluated Models 

A weekly Seasonal Naive model was used as the baseline 

reference. This approach assumes that the most recent weekly 

pattern will repeat itself and, since the series was analyzed at 

daily frequency, a seasonal period of 𝑠 =  7 days was fixed 

[12]. In its simplest form, the forecast was defined as: 

𝑦̂𝑡+ℎ = 𝑦𝑡+ℎ−𝑠 (3) 

Where 𝑦̂𝑡+ℎ  is the forecasted value for horizon ℎ, 𝑦𝑡+ℎ−𝑠 

is the observation corresponding to the same relative point 

within the previous weekly cycle, and 𝑠 is the fixed seasonal 

period. Its main value in this study was to act as an interpretable 

and environmentally reasonable baseline for a daily series with 

a possible intra-week structure [14]. 

The ARIMA model was included as a representative of 

classical statistical approaches for time series [2] [9] [14] [15]. 

Let 𝐵 be the lag operator, such that 𝐵𝑦𝑡 = 𝑦𝑡−1; let 𝜙(𝐵) be 

the autoregressive polynomial, 𝜃(𝐵)  the moving average 

polynomial, 𝑑 the order of differencing, and 𝜀𝑡 the error term. 

In general notation, the 𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞) model can be written 

as: 

𝜙(𝐵)(1 − 𝐵)𝑑𝑦𝑡 = 𝑐 + 𝜃(𝐵)𝜀𝑡 (4) 

Where 𝑐 is a constant. In this study, ARIMA was used to 

capture the non-seasonal temporal structure present in the daily 

PM2.5 series. 

The SARIMA model extends the ARIMA approach by 

incorporating explicit seasonal components [7] [14] [15]. Let 

Φ(𝐵𝑠)   and Θ(𝐵𝑠)   denote the seasonal autoregressive and 

seasonal moving average polynomials, 𝐷  the seasonal 

differencing order, and 𝑠  the seasonal period. Its general 

formulation can be expressed as: 

Φ(𝐵𝑠)𝜙(𝐵)(1 − 𝐵)𝑑(1 − 𝐵𝑠)𝐷𝑦𝑡 = 𝑐 + Θ(𝐵𝑠)𝜃(𝐵)𝜀𝑡       (5) 

This family is particularly relevant when the series exhibits 

persistent periodic patterns, as often occurs in environmental 

signals affected by weekly or seasonal cycles. 

Finally, a Long Short-Term Memory (LSTM) network was 

evaluated, which is a recurrent architecture designed to model 

temporal dependencies and nonlinear relationships in 

sequences [1] [7] [15]. In this case, the univariate series was 

transformed into a supervised dataset using sliding windows of 

fixed length L. If 𝑋𝑡 denotes the input sequence associated with 

time t, then this transformation was defined as 

𝑋𝑡 = [𝑦𝑡−𝐿+1, … , 𝑦𝑡] (6) 
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While the output associated with horizon ℎ  was 𝑦𝑡+ℎ . 

Internally, the LSTM cell operates through gates that regulate 

the flow of information. Let 𝑥𝑡 be the input at time 𝑡, ℎ𝑡−1 the 

previous hidden state, 𝑐𝑡−1 the previous memory state, 𝑊 and 

𝑏 the corresponding weight matrices and bias terms, 𝜎(⋅) the 

sigmoid function, and tanh (⋅)  the hyperbolic tangent. The 

forget gate is defined as: 

𝑓𝑡 =  𝜎(𝑊𝑓[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (7) 

the input gate as 

𝑖𝑡 = 𝜎(𝑊𝑖[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (8) 

the candidate state as  

𝑐̃𝑡 =   tanh(𝑊𝑐[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (9) 

the updated memory state as 

𝑐𝑡 = 𝑓𝑡 ∗ 𝑐𝑡−1 + 𝑖𝑡 ∗ 𝑐̃𝑡 (10) 

the output gate as 

𝑜𝑡 =  𝜎(𝑊𝑜[ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜) (11) 

and the hidden output as 

ℎ𝑡 = 𝑜𝑡 ∗ tanh (𝑐𝑡) (12) 

This formulation makes it possible to represent temporal 

relationships that are more flexible than those captured by linear 

autoregressive models. 

 

F. Configuration Selection 

Since the objective of the study was to compare model 

families under homogeneous conditions, configuration 

selection was performed for each forecasting horizon using the 

validation set. In the case of the weekly Seasonal Naive 

baseline, no hyperparameter search was conducted, since a 

fixed seasonal period of 7 days was used for all evaluated 

horizons. Consequently, configuration selection was 

concentrated on the ARIMA, SARIMA, and LSTM models, 

whose final specifications were determined based on their 

validation performance. 

For the ARIMA and SARIMA models, selection was 

performed over discrete combinations of non-seasonal orders 

and, in the case of SARIMA, seasonal orders as well. Table 1 

summarizes the configurations finally selected for each 

forecasting horizon. This grid search procedure, complemented 

by the Akaike Information Criterion (AIC), constitutes a robust 

and widely used methodology for determining the optimal 

parameter structure (p,d,q) in PM2.5 time series with high 

volatility [2] [16]. It can be observed that, although some 

configurations are repeated across horizons, the optimal 

specification was not necessarily identical in all cases, 

suggesting that the most suitable temporal structure depends on 

the forecasting horizon considered. 

In the case of LSTM, selection was carried out through a 

grid search over a bounded set of hyperparameters, including 

input window length, number of recurrent units, dropout rate, 

batch size, and learning rate [12]. The hyperparameter search 

was performed independently for each forecasting horizon 

using the validation set, so that the final architecture could 

reflect the temporal structure associated with each prediction 

task. The definition of these hyperparameters was aligned with 

standard configurations in the deep learning literature for 

atmospheric pollutants, using the Adaptive Moment (AdaM) 

optimizer and Rectified Linear Unit (ReLU) activation 

functions to improve training efficiency [1] [17]. 

 
TABLE 1.  

Selected configurations for the ARIMA and SARIMA models according to 
forecasting horizon on the validation set. 

Horizon (days) ARIMA (𝑝, 𝑑, 𝑞) SARIMA (𝑝, 𝑑, 𝑞) × (𝑃, 𝐷, 𝑄, 𝑠) 

1 (1,0,2) (1,0,2)×(1,0,0,7) 

7 (2,0,2) (2,0,2)×(1,1,1,7) 

14 (2,0,2) (1,0,2)×(1,1,1,7) 

21 (2,0,2) (2,0,2)×(1,1,0,7) 

28 (2,0,2) (2,0,2)×(0,1,1,7) 

 

Early stopping was used during training as an additional 

mechanism to reduce overfitting and stabilize model selection. 

Unlike the statistical models, the selected LSTM architecture 

varied mainly in window length and in the number of units. In 

addition, dropout rates of up to 0.2 were implemented as a 

regularization mechanism to prevent overfitting, which is a 

critical technique in recurrent models applied to complex urban 

environments [4]. Table 2 presents the final LSTM 

configurations selected for each horizon, allowing the 

experimental setup to be more easily reproduced. 

 
TABLE 2. 

Selected configurations for the LSTM model according to forecasting horizon 

on the validation set. 

Horizon 
(days) 

Lookback Units Dropout 
Batch 
size 

Learning 
rate 

1 28 32 0.2 32 0.001 

7 28 64 0.0 32 0.001 

14 28 64 0.2 32 0.001 

21 14 64 0.2 32 0.001 

28 28 32 0.0 32 0.001 

 

Taken together, the selected ARIMA, SARIMA, and 

LSTM configurations define the variants that were finally 

evaluated on the test set. The chronological partition and the use 

of an independent validation set for configuration selection 

made it possible to keep the fitting and final evaluation stages 

separated, following temporally consistent validation protocols 

to reduce the risk of methodological overfitting. This ensures a 

fair comparison among models of different nature under a 

realistic prospective scenario. 

 

G. Updating and Evaluation Scheme 

The final evaluation was carried out through a 

chronologically consistent protocol designed to approximate a 

prospective forecasting scenario [11]. For the ARIMA and 

SARIMA models, this procedure was implemented through a 

walk-forward refit scheme with an expanding window, in which 

the model is re-estimated at each forecast origin using all the 

history available up to that point and then generates the 

prediction for the corresponding horizon [18]. In the case of the 

weekly Seasonal Naive baseline, the same logic of forecast 

origins and horizons was maintained, although without 

parametric fitting, by reusing at each step the most recently 

observed weekly pattern. In contrast, for LSTM the operational 

procedure was different: for each horizon and candidate 

configuration, the network was previously trained on the 

corresponding set and then evaluated sequentially over sliding 
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windows, without fully retraining the network at each new 

forecast origin [18]. Consequently, although all methods were 

evaluated under a prospective chronological logic and on the 

same target series, the comparison does not correspond to an 

identical operational replication across models, but rather to a 

consistent evaluation among forecasting strategies with 

different internal mechanisms. 

Let 𝑇𝑘 denote the last observed time point at forecast origin 

𝑘 . Then, the information available at that step can be 

represented as: 

𝐷𝑘 = {𝑦1 , … , 𝑦𝑇𝑘
} (13) 

And the forecast issued at that origin for horizon ℎ  is 

expressed as: 

𝑦̂𝑇𝑘+ℎ = 𝑓𝑘,ℎ(𝐷𝑘) (14) 

Where 𝑓𝑘,ℎ(⋅)  represents the forecasting function 

associated with the model and the horizon evaluated at origin 

𝑘 . In ARIMA and SARIMA, this procedure involved re-

estimating the model at each forecast origin using the history 

available up to that point and then generating the corresponding 

forecast. This made it possible to avoid a single static fit and to 

better approximate the real use of these models in operational 

contexts, where each new observation updates the information 

available for forecasting. 

In the weekly Seasonal Naive baseline, the updating was 

implicit: at each forecast origin, the most recent weekly pattern 

from the series observed up to that point was reused, so the 

method also adapted continuously as the reference window 

moved forward. In other words, although there is no parametric 

estimation, there is still a dynamic update of the observed block 

used as the forecasting template. 

In LSTM, the updating mechanism was implemented 

through configuration selection on the validation set and final 

evaluation on the test set, training direct models for each 

horizon on the regularized daily series. For each horizon, a grid 

of hyperparameters was defined, including window length 

(lookback), number of LSTM units, dropout rate, batch size, 

and learning rate. The configurations were compared on the 

validation set, and the best variant was subsequently selected 

for final evaluation on the test set. During sequential evaluation, 

the already trained model was applied over sliding windows 

constructed from the history available up to each forecast 

origin, but without complete retraining at each step. 

This design sought to approximate a prospective use 

scenario while at the same time maintaining temporal 

consistency and general comparability among model families 

with different internal mechanisms. It also avoided artificially 

optimistic evaluations derived from fitting the models only 

once and keeping them fixed throughout the entire test period. 

 

H. Evaluation Metrics 

The predictive performance of the models was evaluated 

using RMSE and 𝑅2 [1] [8]. Let 𝑦𝑖  denote the observed value, 

𝑦̂𝑖 the predicted value, 𝑦̄ the mean of the observed values, and 

𝑛  the total number of evaluated predictions. The root mean 

square error was defined as: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 (15) 

and the coefficient of determination as: 

𝑅2 = 1 −
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2

∑ (
𝑛

𝑖=1
𝑦𝑖 − 𝑦̄)2

 (16) 

These metrics made it possible to compare the behavior of 

the different approaches across the five horizons considered, 

identifying both the model with the lowest error and the 

sensitivity of performance to increasing forecasting horizon. In 

this study, RMSE was considered particularly useful for 

penalizing larger errors, which is relevant in environmental 

series where episodes of higher concentration are of special 

interest. 𝑅2  made it possible to evaluate the proportion of 

variability explained by each model compared with the 

observed series. 

 

I. Environmental Engineering Contextual Considerations 

Although the study did not seek to formally reconstruct 

critical episodes under the operational criterion of 24-hour 

moving concentration, the problem addressed retains direct 

relevance for environmental engineering. The ability to 

anticipate the evolution of PM2.5 at an urban station in Santiago 

is of interest for the analysis of pollution trends, the monitoring 

of periods with higher environmental burden, and the 

comparative evaluation of forecasting tools applicable to air 

quality surveillance. 

Therefore, the choice of a univariate daily formulation 

should be understood as a first level of controlled 

methodological comparison. Its objective was not to build a 

complete multivariable environmental alert system, but rather 

to establish a clear and reproducible experimental basis for 

determining which model families best represent the temporal 

dynamics of the pollutant under homogeneous input and 

evaluation conditions. 

 

J. Computational Environment 

The experiments were implemented in Python 3.12.12. The 

ARIMA and SARIMA models were developed using the 

statsmodels 0.14.6 library, whereas the LSTM model was 

implemented in TensorFlow 2.19.0 using the Keras 3.10.0 API. 

Preprocessing and evaluation were carried out with pandas 

2.2.2, NumPy 2.0.2, and scikit-learn 1.5.2. The experiments 

were executed on a computer equipped with an AMD Ryzen 7 

250 processor, 32 GB of RAM, and an NVIDIA GeForce RTX 

5060 GPU with 8 GB of memory. 

 

III. RESULTS 

These results should be interpreted as a temporally 

consistent comparison among model families, although the 

updating mechanisms differed according to each model type. 

Performance was analyzed quantitatively and visually across 

forecasting horizons of 1, 7, 14, 21, and 28 days. First, RMSE 

and R² were used to identify differences in error and 

explanatory capacity among the evaluated approaches. 
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Subsequently, this analysis was complemented with a 

qualitative inspection of the temporal behavior of the 

predictions during the winter of 2025 and with observed-

versus-predicted scatter plots for the 14-day horizon, in order to 

examine in greater detail the ability of each model to follow the 

dynamics of the series and reproduce its variability during a 

period of greater environmental interest. It should be recalled 

that, although the study was conducted on calendar-day 

averages, the results remain useful for characterizing the 

evolution of PM2.5 concentrations in terms of relative 

magnitude and temporal behavior, especially during months in 

which air quality becomes more relevant for environmental 

surveillance. 

Fig. 2 summarizes the evolution of model performance on 

the test set as the forecasting horizon increases, while Table 3 

and Table 4 present the exact RMSE and R² values, 

respectively. In general terms, a deterioration in predictive 

performance is observed in all models as the forecasting 

horizon becomes longer, which is expected in an environmental 

time series forecasting problem. However, this degradation was 

not homogeneous across approaches. 

 

 
Fig. 2 Comparison of the performance of weekly Seasonal Naive, ARIMA, 
SARIMA, and LSTM on the test set for forecasting horizons of 1, 7, 14, 21, 

and 28 days, using RMSE and R² as evaluation metrics. 

 

According to Table 3, LSTM achieved the lowest RMSE 

across the five evaluated horizons, with values of 7.61, 11.09, 

11.39, 12.17, and 12.98 for 1, 7, 14, 21, and 28 days, 

respectively. ARIMA and SARIMA showed intermediate and 

relatively close performance, although systematically below 

that of LSTM. In contrast, the weekly Seasonal Naive baseline 

presented the highest errors in almost all cases, reaching an 

RMSE of 16.13 at the 28-day horizon. From an applied 

perspective, these results indicate that model choice has an 

important effect on forecasting accuracy, especially when the 

objective is to anticipate pollution trends several weeks in 

advance. 

The same trend is observed in Table 4. LSTM achieved the 

highest R² values across all horizons considered, from 0.754 at 

the 1-day horizon to 0.284 at the 28-day horizon, confirming a 

better ability to explain the observed variability of the series in 

comparison with the other approaches. ARIMA and SARIMA 

retained positive and intermediate values, whereas weekly 

Seasonal Naive showed the lowest explanatory power and 

decreased to an R² of -0.106 at the 28-day horizon. Taken 

together, the quantitative evidence presented in Fig. 2, Table 3, 

and Table 4 shows that LSTM maintained a consistent 

advantage over the statistical models and the naive baseline 

throughout the entire range of evaluated forecasting horizons. 

 
TABLE 3. 

RMSE values obtained by weekly Seasonal Naive, ARIMA, SARIMA, and 
LSTM on the test set for forecasting horizons of 1, 7, 14, 21, and 28 days. 

Model 1 day 
7 

days 

14 

days 

21 

days 

28 

days 

LSTM 7.61 11.09 11.39 12.17 12.98 

ARIMA 7.78 11.39 11.86 12.59 13.33 

SARIMA 7.82 11.49 11.99 13.37 13.37 

Weekly Seasonal Naive 14.24 14.24 14.01 14.80 16.13 

 

Fig. 3 shows the subset of the test period corresponding to 

the winter of 2025, using a forecasting horizon of 14 days. This 

period is especially relevant from an environmental 

perspective, given that in Santiago PM2.5 concentrations tend 

to become more important during the colder months, when 

atmospheric conditions favor pollutant accumulation. Within 

this interval, ARIMA, SARIMA, and LSTM generally succeed 

in following the evolution of the series, whereas weekly 

Seasonal Naive exhibits greater variability and lower stability 

in response to the observed changes. 

 
TABLE 4. 

R² values obtained by weekly Seasonal Naive, ARIMA, SARIMA, and LSTM 

on the test set for forecasting horizons of 1, 7, 14, 21, and 28 days. 

Model 1 day 
7 

days 
14 

days 
21 

days 
28 

days 

LSTM 0.754 0.477 0.449 0.371 0.284 

ARIMA 0.743 0.449 0.402 0.327 0.245 

SARIMA 0.740 0.439 0.390 0.241 0.240 

Weekly Seasonal Naive 0.138 0.138 0.167 0.070 -0.106 

 

Visually, LSTM provides the smoothest and most 

consistent tracking of the overall trajectory during the winter 

2025 period. Nevertheless, the same figure also shows that 

abrupt local maxima are not fully reproduced by any of the 

evaluated models. This point is relevant because high-

concentration episodes are precisely the cases of greatest 

practical interest for environmental surveillance and preventive 

management. Therefore, the lower RMSE achieved by LSTM 

should be interpreted as evidence of better average forecasting 

behavior across the test period, rather than as a complete 

resolution of peak-event prediction. Under the strictly 

univariate daily formulation used in this study, abrupt PM2.5 

increases remain difficult to anticipate, especially at an 

intermediate forecasting horizon such as 14 days. 

Fig. 4 presents the relationship between observed and 

predicted values for the 14-day horizon. In the case of weekly 

Seasonal Naive, greater dispersion and a weaker 

correspondence with the reference diagonal can be observed, 

which is consistent with its lower quantitative performance. In 

practical terms, this greater dispersion reflects a lower ability to 

reproduce the magnitude of the observed concentrations 

consistently. 



24th LACCEI International Multi-Conference for Engineering, Education, and Technology: “Engineering without Borders: Artificial Intelligence, Knowledge, Innovation, and 

Alliances for a Future from the Americas”. Hybrid Event, Santiago-Chile, July 15 - 17, 2026 

7 

 

 
Fig. 3 Comparison between observed and predicted PM2.5 values during the 

winter of 2025 on the test set for a forecasting horizon of 14 days. 

 

ARIMA, SARIMA, and LSTM show a more structured 

relationship between observations and predictions, although in 

all three cases there is a tendency to compress the dynamic 

range of the series, particularly at elevated PM2.5 

concentrations. In other words, the predictions tend to 

concentrate around central values and less frequently reproduce 

the highest observed concentrations. This pattern is consistent 

with the winter 2025 temporal visualization and indicates that 

the main limitation is not only the average error level, but also 

the reduced sensitivity of the models to abrupt high-

concentration events.  

 

 
Fig. 4 Observed-versus-predicted scatter plots for weekly Seasonal Naive, 
ARIMA, SARIMA, and LSTM on the test set, considering a forecasting 

horizon of 14 days. 

 

In visual terms, LSTM presents a more concentrated and 

stable cloud of points, consistent with its better overall 

performance in RMSE and R². However, the difficulty of 

representing the upper tail of the observed distribution remains 

relevant for environmental engineering applications. 

Taken together, the quantitative and qualitative results 

show that LSTM presented the best overall performance in the 

evaluated scenario, whereas ARIMA and SARIMA remained 

competitive alternatives with intermediate behavior, and 

weekly Seasonal Naive exhibited the weakest fit across all 

analyzed horizons. Therefore, the findings reinforce the 

usefulness of comparing temporal modeling approaches to 

support the analysis of PM2.5 series in urban contexts where 

anticipating changes in pollutant concentration is of 

environmental interest. 

 

IV. DISCUSSION 

The results obtained show that the performance of PM2.5 

forecasting models depends on the forecasting horizon 

considered, which confirms the need for a multi-horizon 

evaluation in order to properly characterize the usefulness of 

each approach [19] [20]. A progressive deterioration in 

performance was observed in all evaluated models as the 

forecasting horizon increased, which is expected in 

environmental series where accumulated uncertainty grows as 

the anticipation period becomes longer. However, the 

magnitude of this degradation was not uniform across methods, 

revealing relevant differences in their ability to represent the 

temporal dynamics of the pollutant. 

In this scenario, LSTM showed the best overall 

performance across the five evaluated horizons, both in terms 

of RMSE and R². This superiority suggests that, even under a 

strictly univariate formulation, a deep learning approach can 

capture certain temporal dependencies present in the PM2.5 

series more effectively. This result is consistent with the ability 

of LSTM networks to model nonlinear relationships, memory 

effects, and complex temporal patterns that are not always 

represented with the same flexibility by classical linear models 

[21] [22]. From the perspective of environmental engineering, 

this finding is relevant because it suggests that more advanced 

temporal modeling techniques may provide concrete 

advantages for the predictive monitoring of atmospheric 

pollutants in urban contexts. 

Nevertheless, the ARIMA and SARIMA models showed 

competitive and relatively similar performance, especially at 

short and intermediate horizons. This indicates that traditional 

statistical approaches remain valid alternatives for 

environmental forecasting when interpretability, lower 

implementation complexity, or well-established 

methodological frameworks are prioritized [21]. In particular, 

the fact that ARIMA and SARIMA maintained stable 

intermediate behavior suggests that an important part of the 

temporal structure of the series can be captured through linear 

dependencies and explicit seasonal components [9]. 

The weaker performance of the weekly Seasonal Naive 

baseline indicates that PM2.5 dynamics cannot be explained by 

direct weekly repetition alone. The series contains additional 

variability that requires more flexible temporal models. 

The qualitative inspection of the predictions during the 

winter of 2025 and of the scatter plots complements this 

interpretation. During the winter period, the most competitive 

models were able to generally follow the evolution of the series, 

although all of them showed difficulties in fully reproducing 

local maxima. This point is important from an environmental 

perspective, since episodes of high concentrations are precisely 

those that tend to be of greatest relevance for air quality 

surveillance. In this sense, the results suggest that, although 

LSTM offers a better global representation of the series, the 

prediction of more intense episodes remains a challenge, 
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particularly when working with a single predictor and 

forecasting horizons of several weeks. 

Another relevant aspect is uncertainty quantification. This 

study evaluates point forecasts using RMSE and R², which is 

appropriate for comparing average predictive performance. 

However, operational air quality management may also require 

prediction intervals or probabilistic forecasts, especially when 

expected concentrations approach ranges of operational 

concern. Future implementations should therefore estimate not 

only expected PM2.5 levels, but also the uncertainty associated 

with each forecast horizon. 

This study also presents limitations that should be 

considered when interpreting its results. First, the analysis is 

restricted to a single urban station in Santiago, so its 

conclusions should not be automatically generalized to other 

geographic contexts or to monitoring networks with different 

characteristics. Second, the approach is strictly univariate, so it 

does not incorporate exogenous variables that could strongly 

influence the evolution of PM2.5, such as temperature, wind, 

relative humidity, emissions, or topographic factors. Third, the 

target variable was constructed using calendar-day averages, 

whereas the regulatory criteria for critical episodes in Chile are 

defined on the basis of 24-hour moving concentrations. 

Therefore, the results should be understood as a comparative 

study of temporal forecasting rather than as a direct 

reconstruction of the official operational system for critical 

episode management. 

Even with these limitations, the findings are useful as a 

starting point for future multivariate, multi-station, and more 

operationally oriented extensions for environmental 

surveillance applications. In particular, the study shows that a 

controlled methodological comparison makes it possible to 

identify substantive differences among model families and 

provides relevant evidence for the design of predictive tools 

applied to atmospheric pollution in Latin American urban 

contexts. 

 

V. CONCLUSION 

This study presented a controlled methodological 

comparison among a weekly Seasonal Naive baseline, ARIMA, 

SARIMA, and LSTM for daily univariate PM2.5 forecasting at 

an urban monitoring station in Santiago, Chile, using official 

SINCA data. The evaluation considered horizons of 1, 7, 14, 

21, and 28 days under a chronological validation and test 

protocol. 

The results showed that model performance varies with the 

forecasting horizon and that LSTM achieved the best overall 

performance according to the metrics considered. In particular, 

LSTM consistently outperformed the other approaches across 

the five evaluated horizons, whereas ARIMA and SARIMA 

maintained intermediate and competitive behavior, and the 

weekly Seasonal Naive baseline showed the weakest fit. These 

results indicate that, even under a strictly univariate 

formulation, the choice of forecasting model has a meaningful 

effect on the quality of daily PM2.5 predictions. 

From an applied perspective, the study provides a 

reproducible benchmark for evaluating temporal modeling 

strategies in urban atmospheric pollution problems. The 

findings suggest that deep learning models can provide more 

accurate average forecasts than classical statistical alternatives, 

while also showing that abrupt high-concentration episodes 

remain difficult to reproduce fully. This is relevant for 

environmental analysis and air quality surveillance, since the 

most extreme concentration increases are often the events of 

greatest practical interest. 

Future work should extend this benchmark toward 

multivariate and uncertainty-aware forecasting frameworks. In 

particular, it would be relevant to incorporate meteorological 

predictors, additional pollutants, emission-related variables, 

and information from nearby monitoring stations, as well as 

prediction intervals or probabilistic forecasting strategies. 

Future evaluations should also include criteria focused 

specifically on high-concentration episodes, in order to assess 

not only average predictive accuracy but also the ability of the 

models to support environmental decision-making during 

periods of increased pollution risk. 
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