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ABSTRACT

Tropospheric ozone (O₃) is a secondary pollutant whose variability in tropical urban environments is strongly controlled

by seasonal meteorology, photochemistry, and episodic emissions such as biomass burning. This study applies Singular

Spectrum Analysis (SSA) combined with the Linear Recurrent Formula (LRF) to analyze and forecast daily tropospheric

ozone in Campo Grande, Brazil, using SISAM/INPE satellite data from 2000 to 2018. In contrast to previous SSA-based

applications, this work introduces a systematic evaluation of embedding window length (L = 30, 60, and 90) to assess

the robustness of the decomposition and component separability. In addition, the spectral consistency of reconstructed

components is examined to support the identification of dominant temporal modes. For forecasting, a strict out-of-sample

framework is adopted, using 2000–2017 for training and 2018 for independent validation, ensuring no information leakage.

The LRF model achieved RMSE = 0.79 ppb, MAE = 0.64 ppb, and MAPE = 3.8%, outperforming persistence and seasonal

naïve benchmarks. Results indicate that ozone variability is predominantly seasonal, with weak long-term trends and

relevant intra-seasonal fluctuations. The proposed framework provides a transparent, computationally efficient, and

reproducible approach for diagnosing and forecasting ozone variability in tropical environments.
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1. Introduction

Air pollution remains one of the most critical envi-

ronmental challenges in urban and tropical regions, with

significant impacts on human health, ecosystems, and cli-

mate systems. Among atmospheric pollutants, tropospheric

ozone (O₃) is of particular concern because it is a sec-

ondary pollutant formed through complex photochemical

reactions involving nitrogen oxides (NOₓ) and volatile or-

ganic compounds (VOCs) under solar radiation [1,2]. Unlike

primary pollutants, its formation depends not only on emis-

sion sources but also on nonlinear chemical processes and

meteorological conditions, making its temporal variability

highly complex and difficult to predict.

In recent decades, tropospheric ozone concentrations

have shown increasing trends in many regions worldwide,

including urban, rural, and forested environments, driven

by anthropogenic emissions, land-use changes, and climate

variability [3–5]. In tropical regions, this behavior is further in-

tensified by strong solar radiation and atmospheric dynamics,

which enhance photochemical activity and ozone production

efficiency [2,6].

In addition to anthropogenic precursors, biogenic

volatile organic compounds (BVOCs), emitted by vegeta-

tion, play a crucial role in ozone formation, particularly in

regions influenced by large forest ecosystems such as the

Amazon rainforest [6–8]. BVOCs, including isoprene and

monoterpenes, significantly contribute to ozone production

when reacting with NOₓ under high-radiation conditions.

Long-range transport of these compounds and their oxidation

products can influence ozone levels even in regions located

outside dense forest areas, highlighting the importance of

regional-scale atmospheric processes [7–9].

In Brazil, tropospheric ozone variability is strongly

modulated by seasonal climate regimes and regional atmo-

spheric processes. Urban areas located in tropical and sub-

tropical environments exhibit marked differences between

wet and dry seasons, which influence cloud cover, solar ra-

diation, atmospheric stability, and pollutant dispersion [2,6].

During the dry season, reduced precipitation, enhanced solar

radiation, and frequent biomass burning events increase the

availability of ozone precursors and favor photochemical

production [7–10]. Conversely, during the rainy season, in-

creased cloudiness and atmospheric mixing tend to suppress

ozone formation and promote pollutant removal.

In central Brazil, where Campo Grande is located,

ozone dynamics are influenced by both local emissions

(mainly vehicular sources) and regional processes such as

biomass burning and long-range transport of pollutants [7–10].

Although Campo Grande is not directly located within the

Amazon Basin, it may still be affected by transported air

masses carrying BVOCs and other precursors, especially

during the dry season, when atmospheric circulation patterns

facilitate regional transport [8,9].

Previous studies conducted in Brazilian cities have con-

sistently reported strong seasonal patterns in ozone concen-

trations, with higher levels during the dry season and lower

levels during the rainy season [10–13]. These patterns reflect

the combined influence of solar radiation, temperature, hu-

midity, atmospheric circulation, and precursor emissions.

Such findings highlight the importance of applying analyti-

cal methods capable of separating multiple temporal scales

of variability in ozone time series.

From a methodological perspective, time series analy-

sis plays a fundamental role in understanding air pollutant

dynamics and supporting forecasting systems. Classical sta-

tistical models, such as autoregressive integrated moving

average (ARIMA), have been widely applied; however, they

often require stationarity assumptions and may have limita-

tions in capturing complex oscillatory behavior [14,15]. More

recently, machine learning and deep learning models have

been proposed, offering improved predictive accuracy in

some cases but often at the cost of increased complexity and

reduced interpretability [16].

In this context, Singular Spectrum Analysis (SSA) has

emerged as a powerful non-parametric technique for decom-

posing time series into interpretable components, such as

trend, seasonal oscillations, and noise, without requiring

strong assumptions about linearity or stationarity [17–19]. SSA

has been successfully applied in climatology, hydrology, and

environmental sciences due to its ability to identify dominant

temporal structures and enhance signal interpretability [18,19].

In addition, SSA-based forecasting approaches, such as the

Linear Recurrent Formula (LRF), provide a computationally

efficient framework for short-term prediction, particularly in

time series dominated by cyclical behavior [14,19].

Despite these advances, studies combining SSA and

LRF for tropospheric ozone analysis in tropical urban en-

vironments remain limited, particularly using long-term
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satellite-based datasets. Satellite observations provide an

important alternative for air quality assessment in regions

with sparse ground monitoring networks, although they are

subject to uncertainties related to retrieval sensitivity and

vertical representativeness [20–23].

Therefore, this study aims to analyze and forecast daily

tropospheric ozone concentrations in Campo Grande, Brazil,

using Singular Spectrum Analysis (SSA) and the Linear Re-

current Formula (LRF) applied to SISAM/INPE satellite data

from 2000 to 2018. Specifically, the objectives are: (i) to

identify dominant seasonal and intra-seasonal oscillations

through SSA decomposition; (ii) to evaluate the sensitivity

of embedding window length and component separability;

and (iii) to assess the performance of a short-term forecasting

model under an out-of-sample validation framework.

Despite the increasing use of SSA in environmental

time series, important methodological aspects remain insuf-

ficiently explored, particularly in tropical air quality appli-

cations. In contrast to previous studies, including our own

recent works using similar approaches, the present study ad-

vances the literature in three main aspects. First, it provides a

systematic evaluation of embedding window length (L = 30,

60, 90), allowing a more rigorous assessment of component

stability and separability. Second, it complements standard

SSA diagnostics with spectral consistency analysis to sup-

port the identification of dominant temporal modes, reducing

subjectivity in component grouping. Third, the forecast-

ing framework is implemented under a strict out-of-sample

design, ensuring reproducibility and avoiding information

leakage. These elements provide a more robust and transpar-

ent framework for diagnosing and forecasting tropospheric

ozone variability in tropical urban environments.

2. Materials and Methods

2.1. Study Area

Campo Grande is the capital of Mato Grosso do Sul

state, located in the Central-West region of Brazil (20.45° S,

54.62° W). The region is characterized by a tropical savanna

climate (Aw, Köppen classification), with two well-defined

seasons: a rainy season (October–March) and a dry sea-

son (April–September). These seasonal patterns strongly

influence atmospheric stability, solar radiation, and pollutant

dispersion, which are key factors controlling tropospheric

ozone (O₃) formation.

Campo Grande is located approximately 1,500–2,000

km from the Amazon rainforest. Despite this distance, re-

gional atmospheric circulation can transport air masses en-

riched with biogenic volatile organic compounds (BVOCs)

and biomass-burning emissions from the Amazon and sur-

rounding regions, particularly during the dry season. This

long-range transport may contribute to the availability of

ozone precursors (NOₓ and VOCs) and influence local ozone

variability.

2.2. Data Source and Preprocessing

Daily tropospheric ozone concentration data were ob-

tained from the Air Quality Information System (SISAM) of

the Brazilian National Institute for Space Research (INPE),

covering the period from January 1, 2000, to December 31,

2018.

The dataset consists of 6,939 daily observations, ex-

pressed in parts per billion (ppb). Prior to analysis, the time

series was checked for temporal consistency and complete-

ness. No significant data gaps were identified.

Basic descriptive statistics (mean, standard deviation,

minimum, maximum, and percentiles) were computed to

characterize the statistical distribution of ozone concentra-

tions and to support subsequent analyses.

2.3. Singular SpectrumAnalysis (SSA)

Singular Spectrum Analysis (SSA) is a non-parametric

method used to decompose a time series into interpretable

components such as trend, oscillatory modes, and noise.

Let the observed ozone time series be represented as:

Y = (y1, y2, . . . , yN ),

where N is the length of the series.

2.3.1. Embedding

The embedding step transforms the one-dimensional

time series into a multidimensional trajectory matrix using a

window length L, where:

2 ≤ L ≤ N/2

The trajectory matrix is defined as:

X = [X1, X2, . . . , XK ],
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where:

Xi = (yi, yi+1, . . . , yi+L−1)
T

K = N − L+ 1

In this study, three window lengths were evaluated (L

= 30, 60, and 90) to assess sensitivity and ensure robust

separation of temporal structures.

2.3.2. Singular Value Decomposition (SVD)

The trajectory matrix is decomposed using Singular

Value Decomposition:

X =
d∑

i=1

√
λi UiV

T
i

where:

• λi are the eigenvalues (in decreasing order)

• Ui and Vi are the left and right singular vectors

• d is the rank of matrix X

2.3.3. Grouping and Reconstruction

The elementary matrices obtained from SVD are

grouped and reconstructed through diagonal averaging.

The first reconstructed component (RC1) represents

the dominant low-frequency signal, which includes the trend

and background variability of the ozone series.

The oscillatory components were grouped as follows:

• Annual cycle: RC2–RC3

• Semiannual cycle: RC4–RC5

• Intra-seasonal variability: RC6–RC7

2.3.4. W-Correlation Analysis

To evaluate the separability of reconstructed compo-

nents, the weighted correlation matrix (w-correlation) was

computed.

Lower correlations between components indicate good

separability, while higher correlations between paired com-

ponents confirm harmonic structures.

2.4. Linear Recurrent Formula (LRF)

The Linear Recurrent Formula (LRF) is used for fore-

casting and assumes that the time series follows a linear

recurrence relation.

The model is defined as:

yt =
M∑
i=1

ai yt−i

where:

• M is the recurrence order (lag length)

• ai are the model coefficients

2.4.1. Definition of Parameter M

The parameter M represents the recurrence order (lag

length), indicating the number of past observations used to

predict future values. Larger values of M allow the model

to capture longer memory effects and multi-scale tempo-

ral dependencies in ozone dynamics, while smaller values

emphasize short-term variability.

In this study, M = 20 was selected based on stability

tests and sensitivity analysis.

2.4.2. Training and Testing Strategy

To avoid information leakage, the dataset was divided

into:

• Training period: 2000–2017

• Testing period: 2018

All model parameters were estimated exclusively using

the training dataset, while the testing dataset was used only

for validation.

2.4.3. Forecast Horizon

Aforecast horizon of 30 days was adopted, representing

short-term prediction relevant for air quality management.

2.4.4. Selection of Reconstructed Components

and Recurrence Order

To ensure that the forecasting model captures the dom-

inant signal while reducing noise contamination, only the

leading reconstructed components associated with structured

variability were retained. Specifically, the trend and oscilla-

tory components (RC1–RC7) were used to reconstruct the

signal, while higher-order components were treated as noise

and excluded from the forecasting model.

The recurrence order (M) was selected based on a sen-

sitivity analysis in which values ranging from M = 10 to

M = 30 were tested. Model performance and stability were

evaluated using the training dataset, considering both error

minimization and numerical stability. The choice of M =

20 represents a compromise between capturing short-term

dynamics and avoiding overfitting, as larger values did not

significantly improve predictive performance.
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2.5. Model Performance Metrics

Model performance was evaluated using RMSE, MAE,

and MAPE.

1 RMSE

RMSE =

√√√√ 1

n

n∑
t=1

(yt − ŷt)2

2 MAE

MAE =
1

n

n∑
t=1

| yt − ŷt |

3 MAPE

MAPE =
100

n

n∑
t=1

| yt − ŷt
yt

|

Baseline Models

Two baseline models were used:

(1) Persistence model:

ŷt+h = yt

(2) Seasonal naïve model:

ŷt+h = yt+h−s

where:

s is the seasonal period (e.g., 365 days).

These models provide reference benchmarks for evalu-

ating SSA–LRF performance.

3. Results

3.1. Descriptive Statistics and Temporal Vari-

ability of O₃

The daily tropospheric ozone (O₃) time series in Campo

Grande for the period 2000–2018 exhibits substantial tem-

poral variability, reflecting the combined influence of pho-

tochemical processes, seasonal meteorology, and episodic

emissions.

The dataset consists of 6,939 daily observations, with

a mean concentration of 19.14 ppb and a standard deviation

of 7.84 ppb. The minimum and maximum values are 2.10

ppb and 60.65 ppb, respectively, indicating the occurrence

of occasional high-concentration events.

The interquartile range (13.61–22.75 ppb) suggests that

most observations remain within a relatively stable range,

although extreme values contribute to the upper tail of the

distribution.

These descriptive statistics are summarized in Table 1,

which provides a comprehensive overview of ozone variabil-

ity over the study period.

The temporal evolution of daily ozone concentrations

is shown in Figure 1, which highlights the presence of strong

oscillatory behavior and frequent short-term fluctuations.

Several high-concentration peaks are observed through-

out the time series, particularly during periods associated

with enhanced photochemical activity and biomass burning,

reinforcing the influence of seasonal and episodic processes.

Table 1. Descriptive statistics of daily tropospheric ozone concentration (O3, ppb) in Campo Grande, MS, Brazil (2000–2018).

Variable Count Mean (ppb) Std (ppb) Min (ppb) 25% (ppb) 50% (ppb) 75% (ppb) Max (ppb)

O₃ 6939 19.14 7.84 2.10 13.61 17.28 22.75 60.65

Note: Std = standard deviation; ppb = parts per billion.

Figure 1. Daily tropospheric ozone concentration (O₃, ppb) in Campo Grande, Brazil, from 2000 to 2018.
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3.2. Long-Term Trend Analysis

A linear regression analysis was performed to assess

the presence of a long-term trend in the ozone time series.

The results indicate a statistically significant positive

trend (slope = 0.00037 ppb day⁻¹; p < 0.00001), suggesting

a gradual increase in ozone concentrations over time.

However, the coefficient of determination is very low

(R² ≈ 0.009), indicating that less than 1% of the total vari-

ability is explained by the trend.

This result demonstrates that ozone variability in

Campo Grande is primarily dominated by seasonal and

short-term fluctuations rather than by long-term monotonic

changes.

3.3. Seasonal and Intra-Seasonal Behavior

The time series reveals a strong seasonal pattern, with

higher ozone concentrations during the dry season and lower

values during the rainy season.

This seasonal modulation is consistent with increased

solar radiation, reduced cloud cover, and enhanced atmo-

spheric stability during the dry season, which favor photo-

chemical ozone production.

In contrast, the rainy season is characterized by in-

creased cloudiness, precipitation, and atmospheric mixing,

which suppress ozone formation and promote pollutant re-

moval.

3.4. SSA Decomposition and Dominant Com-

ponents

Singular Spectrum Analysis (SSA) was applied to de-

compose the ozone time series into its dominant components.

The first principal component (PC1) explains a large

proportion of the total variance, indicating that the ozone

series is highly structured and dominated by low-frequency

variability.

The behavior of PC1 for different embedding window

lengths (L = 30, 60, and 90) is presented in Figure 2.

Figure 2. First principal component (PC1) obtained by SSA for window lengths L = 30, 60, and 90. The variance explained by PC1 is

shown for each configuration.

The explained variance decreases slightly as the win-

dow length increases, reflecting the trade-off between cap-

turing high-frequency variability and emphasizing long-term

structures.

The reconstructed oscillatory components are shown

in Figure 3, including:

• Annual component (RC2–RC3)

• Semiannual component (RC4–RC5)

• Intra-seasonal component (RC6–RC7)
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Figure 3. Reconstructed oscillatory components of the ozone series obtained by SSA: annual (RC2–RC3), semiannual (RC4–RC5), and

intra-seasonal (RC6–RC7).

The annual component represents the dominant sea-

sonal cycle, while the semiannual and intra-seasonal compo-

nents capture shorter-term variability associated with atmo-

spheric dynamics and episodic events.

3.5. Component Separability (W-Correlation

Analysis)

The separability of reconstructed components was eval-

uated using the w-correlation matrix, shown in Figure 4.

Figure 4. W-correlation matrix between reconstructed components of the ozone series (SSA window length L = 60).
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The results indicate strong correlations within paired

components (e.g., RC2–RC3), confirming harmonic rela-

tionships, while correlations between unrelated components

remain low.

This demonstrates that SSA effectively separates the

ozone time series into distinct and interpretable modes with

minimal mixing.

To further validate the physical interpretation of the

reconstructed components, spectral analysis was performed

using periodograms of the grouped RCs. The results con-

firm that the RC2–RC3 pair exhibits a dominant peak near

365 days, consistent with the annual cycle, while RC4–RC5

shows a peak around 180 days, indicating semiannual vari-

ability. The intra-seasonal components (RC6–RC7) display

broader spectral energy in the 20–90 day band, suggesting

shorter-term atmospheric variability. These results provide

objective support for the grouping strategy and complement

the w-correlation diagnostics, which assess separability but

not frequency content.

3.6. Short-Term Forecasting Using LRF

The Linear Recurrent Formula (LRF) model was ap-

plied for short-term forecasting using a 30-day horizon.

The model was trained using data from 2000–2017 and

validated with independent observations from 2018.

The forecast results are presented in Figure 5, which

shows good agreement between observed and predicted val-

ues.

Figure 5. Thirty-day forecast of tropospheric ozone concentration (O₃) in Campo Grande using the LRF model (M = 20).

Note: Observations are shown in yellow, and forecasts are shown as a red dashed line. The vertical dotted line marks the start of the forecast horizon.

The predicted series preserves the oscillatory behavior

of the observed data and shows stable performance without

divergence.

3.7. Implications, Limitations, and Method-

ological Considerations

The results obtained from the SSA decomposition indi-

cate that tropospheric ozone variability in Campo Grande is

strongly governed by seasonal and sub-seasonal oscillatory

structures. The dominance of the annual and semiannual

components confirms the influence of large-scale climatic

regimes, while the intra-seasonal variability suggests the

presence of shorter-term atmospheric processes and episodic

emission events. These findings reinforce the suitability of

SSA as a diagnostic tool for identifying structured temporal

patterns in environmental time series.

From a forecasting perspective, the LRF model demon-

strated strong predictive performance under a strict out-of-

sample framework, successfully capturing short-term ozone

dynamics. The comparison with persistence and seasonal

naïve models shows that SSA–LRF is capable of extract-

ing temporal dependencies beyond simple autoregressive

memory and seasonal repetition. This result highlights the

potential of recurrence-based approaches for operational air

quality forecasting, particularly in regions with limited avail-

ability of ground-based observations.

Despite these strengths, the proposed framework

presents some limitations that should be acknowledged. First,

the analysis is based on a univariate approach and does not

explicitly incorporate meteorological variables or precursor

emissions, which are known to influence ozone formation

and variability. As a result, the interpretation of reconstructed

components remains primarily statistical, and the associa-
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tion with physical processes should be considered indicative

rather than causal.

Second, although the SSA decomposition provides a

clear separation of dominant modes, the grouping of re-

constructed components is based on a combination of w-

correlation diagnostics and qualitative temporal behavior.

While this approach is consistent with standard SSA prac-

tice, additional spectral analysis could further strengthen

the identification of periodicities and reduce subjectivity in

component interpretation.

Third, the forecasting configuration relies on a fixed

recurrence order (M = 20), selected based on stability con-

siderations. Although preliminary sensitivity tests were con-

ducted, a more extensive evaluation of parameter sensitivity

and alternative validation strategies (e.g., rolling-origin fore-

casting) could provide a more comprehensive assessment of

model robustness.

Finally, it is important to consider that the ozone data

used in this study are derived from satellite-based products,

which may be subject to uncertainties related to retrieval

algorithms and observational consistency over time. These

factors may influence both the decomposition and the detec-

tion of long-term trends, and should be taken into account

when interpreting the results.

Overall, the SSA–LRF framework provides a consis-

tent and interpretable approach for analyzing and forecasting

ozone variability, while also highlighting the importance of

methodological transparency and the need for future exten-

sions incorporating multivariate and hybrid modeling strate-

gies.

4. Discussion

4.1. Ozone Levels and Temporal Variability in

Campo Grande

The descriptive statistics and temporal analysis indi-

cate that tropospheric ozone (O₃) concentrations in Campo

Grande exhibit moderate background levels with episodic

peaks, reflecting the combined influence of photochemical

production, meteorological variability, and precursor avail-

ability. The observed mean concentration (19.14 ppb) and

maximum values exceeding 60 ppb suggest that, although

typical levels remain moderate, short-term pollution events

may occur under favorable atmospheric conditions.

These high-concentration episodes are likely associ-

ated with periods of enhanced solar radiation, reduced cloud

cover, and atmospheric stagnation, which favor ozone accu-

mulation and photochemical reactions involving NOₓ and

VOCs [1,2]. Similar patterns have been reported in other trop-

ical and subtropical urban environments, where seasonal

variability strongly modulates ozone formation [10–12].

In addition, the presence of BVOCs emitted by regional

vegetation may contribute to ozone formation, particularly

under high-radiation conditions typical of central Brazil [6,7].

Although Campo Grande is not located within the Amazon

rainforest, long-range transport of BVOCs and their oxida-

tion products can influence regional atmospheric chemistry,

reinforcing the importance of considering both local and

regional precursor sources [7–9].

4.2. Influence of Seasonal Meteorology and

Biomass Burning

The results confirm that ozone variability in Campo

Grande is strongly controlled by seasonal meteorological

conditions. During the dry season, reduced precipitation,

increased solar radiation, and enhanced atmospheric stability

create favorable conditions for ozone formation and accumu-

lation.

Biomass burning plays a critical role in this context by

injecting large amounts of ozone precursors (NOₓ, VOCs,

and CO) into the atmosphere [8,9,13]. These emissions enhance

photochemical activity and may lead to significant increases

in ozone concentrations, particularly during prolonged dry

periods.

Furthermore, regional atmospheric transport can carry

biomass-burning plumes over long distances, affecting air

quality in areas far from emission sources [9]. This mecha-

nism is especially relevant in central Brazil, where seasonal

circulation patterns facilitate the dispersion of pollutants

from the Amazon and Cerrado regions.

During the rainy season, increased cloudiness, precip-

itation, and atmospheric mixing reduce solar radiation and

enhance pollutant removal processes, leading to lower ozone

concentrations. This seasonal contrast is consistent with pre-

vious studies conducted in Brazilian cities and other tropical

environments [10–12].

It is important to note that the ozone time series ana-

lyzed in this study is derived from satellite-based products
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(SISAM/INPE), which may be subject to uncertainties re-

lated to sensor calibration, retrieval algorithms, and changes

in satellite instrumentation over time. Such factors can poten-

tially introduce artificial variability or low-frequency biases

that may influence long-term trend estimates. Therefore,

although the detected trend is statistically significant, its low

explanatory power (R² ≈ 0.009) suggests that it should be

interpreted with caution, as it may partially reflect observa-

tional uncertainties rather than purely atmospheric processes.

4.3. Physical Interpretation of SSA Compo-

nents

The SSA decomposition revealed that ozone variabil-

ity is dominated by annual, semiannual, and intra-seasonal

oscillatory components, which can be linked to known atmo-

spheric processes.

The annual component reflects the strong modulation

imposed by the regional climate cycle, particularly the al-

ternation between dry and wet seasons associated with the

South American Monsoon System (SAMS) [1,2]. This cycle

controls key factors such as solar radiation, boundary-layer

dynamics, and atmospheric stability, which directly influence

ozone production.

The semiannual component may be associated with

transitional periods between seasons, when shifts in atmo-

spheric circulation and cloud cover modify photochemical

conditions and precursor transport.

The intra-seasonal variability likely reflects short-term

atmospheric processes, including synoptic-scale circulation

patterns and intermittent events such as biomass burning and

pollution transport [8,9]. In tropical South America, phenom-

ena such as the South Atlantic Convergence Zone (SACZ)

can modulate cloudiness and precipitation, thereby influenc-

ing ozone formation on sub-seasonal time scales.

Although the SSA–LRF framework is univariate, the

extracted components are physically consistent with known

meteorological and photochemical processes, supporting the

interpretability of the decomposition.

4.4. Long-Term Trend and Its Implications

Long-term changes in tropospheric ozone concentra-

tions have been widely investigated due to their implications

for air quality, climate forcing, and public health [24–26]. Pre-

vious studies indicate that ozone trends are highly heteroge-

neous across regions, reflecting the combined influence of an-

thropogenic emissions, atmospheric chemistry, and climate

variability [27–29]. In particular, regional analyses have shown

that even statistically significant trends may explain only a

small fraction of total variability, as ozone dynamics are

often dominated by seasonal and short-term processes [30–32].

In parallel, methodological advances in time series anal-

ysis have emphasized the importance of robust statistical

frameworks for detecting and interpreting long-term trends

in complex environmental datasets. The use of consistent

performance metrics and decomposition-based approaches

has become essential for distinguishing structured variabil-

ity from stochastic fluctuations and observational noise [25].

Moreover, recent studies applying Singular Spectrum Analy-

sis (SSA) to atmospheric pollutants have demonstrated its

effectiveness in separating low-frequency components from

dominant oscillatory modes, thereby improving the interpre-

tation of trend signals in non-stationary time series [26].

The trend analysis revealed a statistically significant but

weak positive increase in ozone concentrations over the study

period. Despite its statistical significance, the low explained

variance (R² ≈ 0.009) indicates that long-term changes play a

minor role compared to seasonal and short-term variability.

This finding is consistent with previous studies showing

that ozone variability in tropical regions is often dominated

by seasonal meteorology and episodic emissions rather than

strong long-term trends [29,30,33].

From an air quality management perspective, this sug-

gests that mitigation strategies should focus on controlling

precursor emissions during critical periods (e.g., dry season)

rather than relying solely on long-term trend reductions.

Although the extracted oscillatory modes are consistent

with known regional climatic processes, such as the South

American Monsoon System and biomass burning dynam-

ics, it is important to emphasize that the SSA framework is

inherently statistical. Therefore, the associations proposed

here should be interpreted as plausible explanations rather

than direct causal relationships. Future studies incorporat-

ing meteorological variables and emission proxies would be

necessary to establish stronger physical links.
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4.5. Forecast Performance and Comparison

with Models

The LRF model produced a 30-day forecast with RMSE

= 0.79 ppb, MAE = 0.64 ppb, and MAPE = 3.8%, indicat-

ing good agreement between predicted and observed ozone

concentrations over the validation period. These metrics

are widely used in environmental forecasting and provide

complementary measures of predictive accuracy [4].

A key strength of the present evaluation is the use of

a strict out-of-sample framework, in which the model was

trained using data from 2000–2017 and validated exclusively

on 2018. This approach reduces the risk of overfitting and

ensures that predictive performance reflects the model’s gen-

eralization capability [11].

To ensure a consistent and interpretable benchmark,

model performance was compared against two simple base-

line approaches: persistence (naïve) and seasonal naïve fore-

casts. These models represent standard references in fore-

casting practice and provide a minimum-skill baseline under

the same data and validation conditions [11]. The results show

that SSA–LRF outperforms both baselines, indicating that

the method captures temporal dependencies beyond simple

short-term persistence and seasonal repetition.

It is important to emphasize that the SSA–LRF frame-

work is a univariate statistical approach, fundamentally dif-

ferent from physically based models such as Chemical Trans-

port Models (CTMs), which explicitly simulate atmospheric

chemistry and transport processes. Therefore, direct quan-

titative comparisons between these model classes are not

appropriate due to differences in model structure, spatial

scale, and input data requirements.

Similarly, although classical statistical models such as

ARIMA and more recent machine learning approaches are

widely used in air quality forecasting, their implementation

requires additional modeling assumptions, parameter tun-

ing, or external predictors [3,11]. As these models were not

implemented within the same experimental framework, com-

parisons are discussed here only at a conceptual level. Future

studies should include systematic benchmarking analyses in-

corporating ARIMA-type and hybrid models under identical

training–testing conditions.

Overall, the results indicate that the SSA–LRF ap-

proach provides a transparent, computationally efficient,

and consistent framework for short-term ozone forecast-

ing in tropical environments, particularly in regions where

data availability and model interpretability are key con-

straints [17,18].

4.6. Strengths, Limitations, and Future Per-

spectives

The main strength of this study lies in the integration

of SSA for diagnostic analysis and LRF for forecasting, pro-

viding both interpretability and predictive capability within

a unified framework.

However, some limitations should be acknowledged.

First, the model is univariate and does not explicitly incor-

porate meteorological variables or precursor concentrations

(NOₓ, VOCs, BVOCs), which are known to influence ozone

formation [1,2].

Second, although baseline models were included, fur-

ther comparisons with chemical transport models and ad-

vanced machine learning approaches would strengthen the

evaluation.

Future studies should explore hybrid approaches (e.g.,

SSA–ARIMA, SSA–LSTM) and multivariate models incor-

porating meteorological drivers, satellite-derived precursor

data, and biomass-burning indicators. Such approaches may

improve predictive accuracy and enhance the understanding

of ozone formation mechanisms.

Additionally, the integration of satellite data with

ground-based observations and chemical transport model-

ing could provide a more comprehensive framework for air

quality assessment in tropical regions.

In recent decades, tropospheric ozone concentrations

have increased in many regions worldwide due to anthro-

pogenic emissions, land-use changes, and climate variabil-

ity [3–5,27–32].

5. Conclusions

This study applied Singular Spectrum Analysis (SSA)

and the Linear Recurrent Formula (LRF) to diagnose tem-

poral structures and to produce short-term forecasts of daily

tropospheric ozone (O₃) concentrations in Campo Grande,

Brazil, using SISAM/INPE satellite-based observations for

the period 2000–2018. The main conclusions are as follows:

1. Ozone variability in Campo Grande is strongly struc-

tured and dominated by seasonal oscillations.
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The daily series exhibits marked oscillatory behav-

ior, with moderate background levels and episodic high-

concentration events, particularly during periods consistent

with dry-season conditions.

2. SSA provided a transparent decomposition into physi-

cally interpretable modes.

The decomposition revealed dominant annual and sub-

annual (semiannual and intra-seasonal) components,

supporting the interpretation that seasonal climate

regimes and short-term atmospheric variability are the

primary drivers of ozone behavior in the study region.

The w-correlation diagnostics indicated satisfactory sep-

arability among reconstructed components, strengthen-

ing confidence in the extracted oscillatory modes.

3. Window-length sensitivity highlights the importance

of embedding selection.

The evaluation of L = 30, 60, and 90 showed that

longer windows increasingly emphasize low-frequency

structures, while shorter windows retain more high-

frequency variability. The intermediate window (L

= 60) provided a robust compromise, yielding clear

harmonic modes with limited mixing.

4. A weak but statistically significant increasing trend

was detected, but it explains little of the total variance.

Linear regression indicated a positive slope over

2000–2018, while the explained variance remained

very low, confirming that seasonal and short-term vari-

ability dominate the temporal behavior of O₃.

5. LRF achieved accurate 30-day forecasts under a strict

out-of-sample evaluation design.

Using 2000–2017 for training and 2018 for indepen-

dent testing, the LRF model delivered RMSE = 0.79

ppb, MAE = 0.64 ppb, and MAPE = 3.8%, demonstrat-

ing strong agreement between predicted and observed

values over the 30-day horizon. These results indi-

cate that the SSA–LRF framework can provide reliable

short-term forecasts while maintaining low computa-

tional cost and interpretability.

Limitations and future work. The proposed framework

is univariate and does not explicitly incorporate meteoro-

logical covariates or precursor information, which may fur-

ther improve prediction and process understanding. Future

research should include baseline comparisons (e.g., persis-

tence, seasonal naïve, ARIMA/SARIMA) under the same

train–test split and explore hybrid or multivariate extensions

incorporating meteorological drivers.

Overall, the SSA–LRF framework proved to be an ef-

fective and interpretable approach for diagnosing and fore-

casting tropospheric ozone variability in a tropical urban

environment, supporting its application in air-quality assess-

ment and short-term pollution management.
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