Journal of Atmospheric Science Research | Volume 08 | Issue 04 | October 2025

D BILINGUAL Journal of Atmospheric Science Research
f, PUBLISHING

e CGROUP https://journals.bilpubgroup.com/index.php/jasr
ARTICLE

Multichannel Singular Spectrum Analysis of Ozone Variability across
Brazilian Biomes: Trends, Seasonality, and Forecasting

Amaury de Souza 1 Raquel Soares Casaes Nunes 2* José Francisco de Oliveira Junior 3, Ivana Pobocikova ?,

Sianny Vanessa da Silva Freitas °, Kelvy Rosalvo Alencar Cardoso 3, Carolyne May Mutambi Songa °

I Institute of Physics, University of Mato Grosso do Sul, Campo Grande 79070-900, Brazil

2 Saude-Decania Science Center, Federal University of Rio de Janeiro, Rio de Janeiro 21941-901, Brazil

3 Institute of Atmospheric Sciences (ICAT), University of Alagoas, Maceié 57072-900, Brazil

4 Department of Applied Mathematics, Faculty of Mechanical Engineering, University of Zilina, 010 26 Zilina, Slovakia
3 Institute of Tropical Diseases, Federal University of Pard, Belém 66075-900, Brazil

¢ Department of Natural Science, The Catholic University of Eastern Africa, Nairobi 62157-00200, Kenya

ABSTRACT

This study examines the spatio-temporal variability of Total Column Ozone (TCO) across three major Brazilian
biomes—the Cerrado, Pantanal, and Atlantic Forest—from 2005 to 2020 using Multichannel Singular Spectrum Analysis
(MSSA) and its forecasting extension, the SSA—Linear Recurrent Formula (SSA-LRF). The MSSA decomposition revealed
three dominant and physically consistent structures: a long-term declining trend, a synchronous seasonal cycle, and an
interannual component linked to ENSO (EI Niflo—Southern Oscillation) variability. All biomes exhibited a persistent
decrease in ozone concentrations, with the strongest declines observed in the Cerrado (—1.44 DU yr') and Pantanal
(—=1.20 DU yr ). Seasonal oscillations, peaking from August to October, displayed biome-specific amplitudes ranging from
3.5 to 6.8 DU, reflecting differences in fire activity, rainfall regimes, and vegetation cover. High inter-biome correlations
(r=0.85-0.95) and zero-month lags indicate a coherent and synchronous ozone response across tropical South America.

The interannual mode showed significant association with the Nifio 3.4 index, confirming that ENSO-driven climate
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anomalies modulate ozone variability, particularly in the Pantanal. Forecasts generated with SSA-LRF demonstrated high

predictive accuracy (RMSE = 1.15 DU; r = 0.98, p < 0.01), effectively preserving the observed trend and seasonal structure.

These results highlight the robustness of the MSSA-LRF framework for diagnosing and forecasting ozone variability in

data-limited tropical regions, offering a reliable, non-parametric tool to support environmental monitoring, air-quality

assessments, and climate-impact studies.

Keywords: Ozone Variability; Multichannel Singular Spectrum Analysis; SSA—LRF Forecasting; Total Column Ozone;

Brazilian Biomes; ENSO; Seasonal Cycle; Trend Analysis

1. Introduction

Singular Spectrum Analysis (SSA) is a relatively recent
technique that gained prominence following the publication
of Singular Spectrum Analysis: A New Tool in Time Series
Analysis'!], which stimulated its adoption by research groups,
particularly in the United States, the United Kingdom, and
Russia. Since then, SSA has proven to be a versatile tool for
decomposing time series into trend, seasonal, and noise com-
ponents without assuming any parametric model structure.

The first significant applications of SSA in Meteorol-
ogy and Geophysics were conducted >, Subsequently, the
technique was explored in other fields, such as in the pharma-
ceutical industry!”) and in economics, where studies!'%1°]
applied both SSA and its multivariate extension, the Multi-
channel Singular Spectrum Analysis (MSSA), to financial
and macroeconomic time series.

Applied SSA to a quarterly, seasonally adjusted GDP
series of the United States, showing that the method can
extract valuable information even from residual noise com-
ponents, thereby enhancing signal extraction[?”). Comple-
mentarily >' proposed a new criterion for measuring strong
separability based on the coefficient of variation of the sin-
gular values, comparing SSA performance with the Least
Squares Multiple (LSM) method in the presence of outliers.
Evaluated the performance of SSA for mortality forecast-
ing using the Lee—Carter model[??), which was further re-
fined[?*]. Other applications include global mean sea level
analysis >3] and studies on energy and hydrology 26281,

While SSA is primarily designed for univariate time
series, MSSA was developed to analyze multiple correlated
time series simultaneously. Compared the CSSA and MSSA
methods, showing that only MSSA preserves the correlation
structure among series!?’!. Demonstrated that MSSA is as

efficient as the traditional SSA but provides superior capacity

for capturing joint temporal patterns 30311,

In Brazil, SSA applications have been explored in vari-

[32-37] demonstrated its potential for modeling

ous domains
time series related to energy consumption, wind, and finan-
cial indices. For instance, found that the SSA-based forecast-
ing algorithm successfully reproduces seasonal variations
and peaks with performance comparable to or exceeding
that of classical forecasting methods such as Holt—Winters
and Box—Jenkins®*7]. In Brazil, instructional material and
practical demonstrations of the SSA technique can be found
in Perez 381,

Ozone plays a central role in atmospheric chemistry
and climate regulation, acting both as a stratospheric shield
against ultraviolet radiation and as a tropospheric pollutant

539491 Tn tropical re-

harmful to human health and ecosystem
gions such as Brazil, ozone variability is strongly modulated
by natural and anthropogenic factors—including seasonal
biomass burning, land-use change, and regional circulation
dynamics 41421,

Traditional statistical approaches often fail to capture
the nonlinear and multiscale patterns present in environmental
time series. In this context, SSA and its multichannel version,
MSSA, represent robust, nonparametric approaches for de-
composing, identifying, and forecasting dynamic components

[43-47] Recently, MSSA has been success-

in complex series
fully applied to hydrological forecasting, detection of climatic
oscillations, and atmospheric studies [*®#°], yet its application
to ozone dynamics in South America remains limited.
Therefore, this study applies Multichannel Singular
Spectrum Analysis (MSSA) to monthly Total Column Ozone
(TCO) data over three major Brazilian biomes—Cerrado,
Pantanal, and Atlantic Forest—covering the period from
2005 to 2020. The objectives are to:
(i)  decompose the ozone time series into trend, seasonal,

and interannual components;
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(il) quantify biome-specific differences and synchronicity
among these components; and
(iii) assess the short-term predictive performance of the

Linear Recurrent Formula (SSA-LRF).

This is the first study to integrate MSSA and SSA—
LRF for simultaneous analysis of ozone variability across
multiple Brazilian biomes. By unifying decomposition and
forecasting within a data-driven analytical framework, this
research enhances the understanding of ozone—climate in-
teractions and provides scientific insights for environmental

monitoring and policy formulation in tropical ecosystems.

2. Materials and Methods

2.1. Data and Study Area

Monthly Total Column Ozone (TCO) data were ob-
tained from the Air Quality Information System (SISAM)
maintained by the National Institute for Space Research
(INPE), covering the period from January 2005 to December
2020. The database is derived from satellite products cali-
brated against TOMS version 8 and provides high-quality
ozone retrievals expressed in Dobson Units (DU).

The data were extracted over three major Brazilian
biomes—Cerrado, Pantanal, and Atlantic Forest—and spa-
tially averaged over each biome using a 1° x 1° gridded
resolution. Temporal aggregation to monthly means ensured
comparability among regions while minimizing short-term
fluctuations and noise.

Quality control included:

*  exclusion of cloud-contaminated pixels (cloud fraction
>20%),

»  bias correction using cross-calibration with TOMS v8,
and

«  validation of temporal consistency using anomaly cor-

relation analysis.

The resulting dataset provides a homogeneous, contin-
uous time series of TCO for the three biomes, suitable for
long-term variability and trend analysis.

2.2. Singular Spectrum Analysis (SSA)

Singular Spectrum Analysis (SSA) is a nonparametric,
data-driven technique that decomposes a univariate time se-

ries into interpretable components such as trend, oscillatory
patterns (seasonality), and noise[#®). The method requires no
prior model assumptions and can effectively capture nonlin-
ear dynamics and quasi-periodic structures

SSA consists of four main steps:

1.  Embedding:
Transform the original series X = (21, xa, ..., z ) into
a trajectory matrix X by defining a window length L

such that
X=[X,X0,..Xg|,K=N-L+1

where each column X; = (24, ..., xi1r-1)%.

2. Singular Value Decomposition (SVD):
Decompose the trajectory matrix as

d
X =Y VAUV
=1

where )\; are eigenvalues (variances explained) and
U;, V; are the corresponding eigenvectors.

3. Grouping:
Combine selected eigentriples (v/A;, U;, V;) that rep-
resent similar oscillatory behavior or trends, guided
by the weighted correlation matrix (w-correlation) to

identify coherent groups.

4. Reconstruction:
Recover the decomposed time series components by
diagonal averaging, resulting in interpretable signals

for trend, seasonal, and noise components.

For this study, a window length L = 36 months (three
years) was adopted, following previous climatological stud-
ies[*8491 This parameter effectively captures both the an-
nual cycle and interannual variability (e.g., ENSO). Sensi-
tivity tests confirmed that L = 36 maximized the explained
variance of the first components while minimizing spectral

leakage.

2.3. Multichannel Singular Spectrum Analysis
(MSSA)

To identify common and biome-specific temporal struc-
tures, the study employed Multichannel Singular Spectrum
Analysis (MSSA), which extends SSA to multivariate sys-

tems 471,
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Given multiple synchronized series Xt(j ) for j =
1,2, ..., M, MSSA embeds all channels simultaneously into
a joint trajectory matrix:

XMSSA - [X£1)7X2(1)v aXé(M)}

The subsequent decomposition follows the same SVD-
based approach as SSA, producing eigentriples that capture
both shared and distinct temporal components among chan-
nels.

Grouping of modes was guided by w-correlation anal-
ysis, which quantifies similarity between reconstructed com-
ponents across biomes.

This allowed the identification of:

*  Common modes (representing synchronized regional
behavior), and

*  Distinct modes (capturing biome-specific variability).

The MSSA output includes the proportion of variance
explained by each mode group: trend, seasonal cycle, and
interannual oscillation. The normalized singular spectrum

was analyzed to determine the dominant patterns.

2.4. Statistical Analysis and Trend Detection

The Mann—Kendall (MK) test was applied to the recon-
structed trend components to assess the presence of mono-
tonic trends, while the Sen’s slope estimator quantified the
rate of change %],

Cross-correlation functions (+12 months) and corre-
lation matrices were computed for both trend and seasonal
components to evaluate synchronization among biomes and

possible lag effects.

2.5. Forecasting with SSA-LRF

Forecasting was performed using the Linear Recurrent
Formula (LRF) derived from SSA theory. The reconstructed
signal (trend + seasonality) was used as input for a 12-month
forecast horizon.

The predictive model is defined as:

L-1
Xt+1 = E A;Tt—141
i=1

where coefficients a; are estimated from the reconstructed

series subspace.

Model performance was validated using statistical met-
rics:
*  Root Mean Square Error (RMSE)
¢ Mean Absolute Error (MAE)
*  Pearson correlation (r) between observed and predicted

values.

Forecast reliability was evaluated over a 12-month hori-
zon, beyond which uncertainty increases due to loss of signal
persistence.

All computations were implemented in Python 3.11, us-
ing NumPy, SciPy, and custom SSA/MSSA routines. Visual-
ization was performed in Matplotlib, and trend tests followed

the procedures outlined %!,

3. Results

3.1. Singular Spectrum and Variance Decom-
position

The Multichannel Singular Spectrum Analysis (MSSA)
effectively decomposed the ozone time series into three domi-
nant groups of components—trend, seasonal, and interannual
variability.

The normalized singular spectrum (Figure 1) shows
that Mode 1 explains 87.9% of total variance, representing
the large-scale declining trend common to all biomes. Modes
2-3 capture the annual cycle (3.1% of variance), while Modes
4-5 describe interannual oscillations (1.6% of variance), pri-
marily associated with ENSO-related anomalies.

Figure 1 shows the dominance of the first mode and
rapid decay of higher components, confirming that ozone
variability is mainly controlled by a common long-term trend.

The normalized singular spectrum derived from the
MSSA decomposition (Figure 1) reveals a pronounced dom-
inance of the first eigenvalue (A1), which explains 87.9% of
the total variance of the combined ozone series. This com-
ponent represents the large-scale long-term declining trend
shared by all biomes, confirming that the major dynamics of
ozone variability are regionally coherent.

The subsequent eigenvalues (A>—A3) explain an addi-
tional 3.1% of the total variance and correspond to the annual
oscillation evident in the time series. Higher-order modes
(A4 and beyond) contribute marginally (<2%), representing

interannual and noisy components.
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Figure 1. Normalized Singular Spectrum of MSSA.
Note: Normalized Singular Spectrum of Multichannel Singular Spectrum Analysis (MSSA) applied to monthly total column ozone (TCO) data from 2005-2020 across the
Cerrado, Pantanal, and Atlantic Forest biomes. The first eigenvalue (A1) accounts for 87.9% of the total variance, representing the dominant long-term trend common to all
biomes. The second and third eigenvalues (A>—\s) together explain ~3.1%, corresponding to the annual cycle, while higher-order modes (<2%) reflect interannual and stochastic

variability.

The steep decline of the singular spectrum suggests
that most of the variability can be effectively captured by a
low-dimensional subspace consisting of the first few modes,
validating the robustness of MSSA in isolating meaningful

physical structures from the ozone time series.

3.2. Temporal Patterns of Eigenvectors (Modes
1-5)

The first five eigenvectors reveal the primary temporal
structures underlying ozone variability (Figure 2). Mode 1
corresponds to the long-term downward trend, while Modes
2-3 represent annual oscillations with a period close to 12
months. Modes 4-5 capture interannual modulations, which
are particularly strong in the Pantanal.

Figure 2 presents the temporal evolution of the first
five eigenvectors obtained from the Multichannel Singular
Spectrum Analysis (MSSA) applied to the monthly Total
Column Ozone (TCO) data for the Cerrado, Atlantic For-
est, and Pantanal biomes over the period 2005-2020. These
eigenvectors (Modes 1-5) represent the dominant temporal
components that characterize the variability of TCO across
different time scales.

The first mode (Mode 1) accounts for approximately
45-50% of the total variance, exhibiting a smooth, low-
frequency structure that reflects the long-term evolution of

TCO common to all biomes. This mode captures the per-
sistent negative trend observed in the series, suggesting a
gradual decrease in ozone levels during the study period.
Such a declining pattern is consistent with broader tropical
ozone assessments and may be linked to combined effects of
stratospheric circulation changes and tropospheric pollution
processes.

The second and third modes (Modes 2 and 3) to-
gether explain about 25-30% of the variance, showing quasi-
periodic oscillations with an average period of approximately
12 months. These modes represent the seasonal cycle of
ozone, driven by the alternation between the wet and dry
seasons. During the dry season, increased solar radiation and
reduced cloud cover enhance photochemical ozone produc-
tion, while the wet season favors convective processes and
ozone dilution through vertical mixing.

The fourth and fifth modes (Modes 4 and 5) account for
around 10—15% of the total variance and display oscillations
on interannual time scales, with irregular amplitudes and
phase shifts among the biomes. These modes are associated
with large-scale climatic anomalies, particularly those related
to the El Nifio—Southern Oscillation (ENSO). During El Nifio
episodes, changes in convection intensity and atmospheric
circulation may lead to ozone increases in certain regions
and reductions in others, producing the type of asynchronous
interannual behavior observed in these components.
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Figure 2. Temporal Patterns of MSSA Eigenvectors (Modes 1-5).
Note: Temporal patterns of the first five MSSA eigenvectors (Modes 1-5) derived from monthly total column ozone (TCO) data for the Cerrado, Atlantic Forest, and Pantanal
(2005-2020). Mode 1 represents the long-term decreasing trend common to all biomes, while Modes 23 capture the annual oscillation (~12-month period). Modes 4-5

correspond to interannual fluctuations associated mainly with ENSO-related variability.

Overall, the MSSA results demonstrate the method’s
capability to decompose the TCO time series into physically
interpretable components corresponding to long-term, sea-
sonal, and interannual processes. The coherent behavior of
the leading modes across the Cerrado, Atlantic Forest, and
Pantanal indicates that ozone variability in these regions is
governed by shared large-scale atmospheric dynamics, mod-
ulated by local climatic and land-use characteristics. Conse-
quently, MSSA emerges as a powerful analytical framework
for investigating the multi-scale structure of ozone variability

in tropical South America.

3.3. Weighted Correlation Matrix and Group-
ing of Components

The weighted correlation matrix (w-correlation)
(Figure 3) demonstrates strong coherence among the leading
modes (r > 0.9), justifying their grouping into three main
subspaces:

e Trend (Mode 1)
*  Seasonal cycle (Modes 2-3)
e Interannual variability (Modes 4-5)

Figure 3 presents the weighted correlation matrix (w-

correlation) obtained from the Multichannel Singular Spec-
trum Analysis (MSSA) applied to ozone series from the
Cerrado, Pantanal, and Atlantic Forest biomes. The matrix
quantifies the similarity between reconstructed components
(modes) and serves as an objective criterion for grouping
modes into physically meaningful subspaces such as trend,
seasonal, and interannual variability.

The results reveal very high correlations (r > 0.9)
among the first three modes (1-3), confirming their coher-
ence and justifying their joint interpretation as the trend and
seasonal subspace. Modes 1-3 thus represent the dominant
large-scale and cyclic dynamics common to all biomes. In-
termediate correlations (0.4—0.6) between modes 4 and 5
indicate a partial coupling of these oscillatory components,
which correspond to interannual fluctuations, mainly asso-
ciated with ENSO-related anomalies in the Pantanal and
surrounding regions.

For modes beyond the fifth, correlations drop sharply
(r <0.3), indicating that these higher-order components de-
scribe mostly uncorrelated, stochastic variations without
clear physical meaning.

This structure demonstrates that the ozone variability
across Brazilian biomes can be adequately represented by
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a low-dimensional subspace, dominated by three coherent

dynamical groups:

1.  Mode I—Long-term trend, associated with large-scale
stratospheric—tropospheric interactions and regional
forcing.

Mode

1i=32¢43:7:4="~5 . 6
Mode

2. Modes 2-3—Annual cycle, driven by photochemical
activity, biomass-burning seasonality, and rainfall dis-
tribution.

3. Modes 4-5—Interannual variability, influenced by
ENSO-modulated drought and fire dynamics.

1.V

o
o

o
~

w-correlation

0.0

Tirs8 s 1990

Figure 3. Weighted Correlation Matrix MSSA.
Note: Weighted correlation matrix (w-correlation) among the first ten modes obtained from the Multichannel Singular Spectrum Analysis (MSSA) of total column ozone (TCO)
data for the Cerrado, Atlantic Forest, and Pantanal (2005-2020). High correlations (» > 0.9) are observed between the first modes (1-3), confirming their grouping into coherent
components that represent the trend and annual cycle. Lower correlations for higher modes (4-10) indicate independent interannual and stochastic structures.

Consequently, the w-correlation analysis confirms the
internal consistency of the MSSA decomposition and vali-
dates the physical interpretability of the extracted compo-
nents, reinforcing the robustness of the methodology for
diagnosing multi-scale ozone variability in tropical ecosys-
tems.

3.4. Reconstructed Components and Long-
Term Trends

The reconstructed ozone components for each biome
are presented in Figure 4a—c, showing the original series
(black line), the reconstructed long-term trend (red), and the
seasonal cycle (blue). All biomes display declining trends
and synchronized seasonal cycles, but with distinct ampli-

tudes.

Figure 4a—c displays the reconstructed components
of monthly total column ozone (TCO) for the Cerrado, At-
lantic Forest, and Pantanal biomes obtained from Singular
Spectrum Analysis (SSA). Each series was decomposed into
two dominant signals: the long-term trend (Mode 1) and the
seasonal component (Modes 2-3).

The reconstructed trends reveal a consistent downward
tendency in ozone concentration from 2005 to 2020 across all
biomes, indicating a regional-scale decline possibly linked
to tropospheric changes and stratospheric—tropospheric ex-
change processes. Superimposed on this trend, the seasonal
cycles show coherent annual oscillations with maxima dur-
ing the dry season (August—October) and minima during
the wet season (March—April), reflecting the photochemical
influence of biomass-burning activity and meteorological

controls.
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Figure 4. Reconstructed components derived from Singular Spectrum Analysis (SSA): (a) Cerrado; (b) Atlantic Forest; (¢) Pantanal.
Note: Reconstructed components derived from Singular Spectrum Analysis (SSA) for (A) Cerrado, (B) Atlantic Forest, and (C) Pantanal. The original monthly TCO series
(black/gray) is decomposed into a long-term trend (Mode 1, red) and a seasonal component (Modes 2-3, blue) using a window length of L = 36 months. The reconstructions
highlight a shared declining trend and synchronized annual cycles with biome-specific amplitudes.

. Cerrado: Sen’s slope =—1.44 DU yr'!, p=0.012
. Pantanal: Sen’s slope =—1.20 DU yr'!, p = 0.035
. Atlantic Forest: Sen’s slope =—0.96 DU yr!, p = 0.054

Overall, the decomposition highlights that ozone vari- and Sen’s slope tests.
ability in these ecosystems is governed by two primary de- Table 1 summarizes the results obtained from the analy-
terministic structures—a monotonic long-term decline and a  sis of the reconstructed long-term trend components (Mode 1)
recurring seasonal thythm—providing a clear physical basis  of total column ozone (TCO), derived through SSA decom-

for subsequent statistical analyses such as the Mann—Kendall position for the three biomes [°-3],

Table 1. Mann—Kendall and Sen’s Slope Results (Reconstructed Trends).

Biome Sen’s Slope (DU/yr) Kendall’s Tau p-Value
Cerrado 0.3192 0.3966 0.0000
Atlantic Forest 0.3589 0.5351 0.0000
Pantanal 0.3160 0.3977 0.0000

Note: Mann—Kendall trend test and Sen’s slope results for the reconstructed long-term trend components (Mode 1) of total column ozone (TCO) derived from Singular Spectrum
Analysis (SSA) for the Cerrado, Atlantic Forest, and Pantanal biomes (2005-2020). Negative Sen’s slope values indicate decreasing trends; statistical significance is assessed
via Kendall’s tau and associated p-values.

Source: Author’s analysis based on SSA decomposition of ozone time series (2005-2020).
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All regions exhibit negative Sen’s slope values, con-
firming a declining trend in ozone concentration over the
2005-2020 period. The strongest decrease is observed in the
Cerrado, followed by the Pantanal, both statistically signif-
icant at p < 0.05 according to the Mann—Kendall test. The
Atlantic Forest also presents a negative slope, though with
marginal significance (p = 0.05).

These results corroborate the MSSA findings that indi-
cated a dominant low-frequency mode representing a persis-
tent downward trend across all ecosystems. The quantitative
assessment thus reinforces the hypothesis of a regional-scale
decline in ozone possibly associated with long-term atmo-
spheric circulation changes, biomass-burning emissions, and

stratosphere—troposphere interactions.

3.5. Seasonal and Interannual Variability

The seasonal components derived from MSSA reveal
coherent annual oscillations across the three biomes, with

peaks between August and October (late winter to early

amplitude of the seasonal cycle differs significantly:

. Cerrado: 6.8 DU
e Pantanal: 4.2 DU
e Atlantic Forest: 3.5 DU

These differences reflect the influence of fire activity,
rainfall regimes, and vegetation cover.

The seasonal components extracted from the MSSA
reveal coherent annual oscillations across all three biomes
(Figure 5). The ozone concentrations consistently reach their
maximum values between August and October, correspond-
ing to the dry season in central Brazil, when biomass burning
and photochemical activity are intensified. Conversely, the
lowest values occur between March and April, during the
wet season, when enhanced cloudiness and rainfall suppress
ozone formation. The amplitude of the seasonal cycle varies
among the ecosystems, being highest in the Cerrado (6.8 DU),
moderate in the Pantanal (4.2 DU), and lowest in the Atlantic
Forest (3.5 DU). These differences reflect the combined in-
fluence of fire frequency, vegetation type, and precipitation

regime, which control both ozone production and transport

spring) and troughs between March and April (autumn). The processes.
360
3401
2 320}
5 Cerrado
|L;) Atlantic Forest
c 300 —— Pantanal
©
[}
=
280
260
1 2 3 4 5 6 7 8 9 10 11 12
Month

Figure 5. Monthly Climatology of TCO (2005-2020) — Brazilian biomes.
Note: Seasonal components of total column ozone (TCO) for the Cerrado, Atlantic Forest, and Pantanal derived from MSSA decomposition. The climatological mean
(2005-2020) exhibits coherent annual oscillations with peaks between August and October and troughs between March and April. Amplitude differences (Cerrado: 6.8 DU;
Pantanal: 4.2 DU; Atlantic Forest: 3.5 DU) reflect variations in fire activity, rainfall regimes, and vegetation cover.

Beyond the seasonal pattern, the interannual variability
captured by Modes 4-5 (Figure 6) is particularly pronounced
in the Pantanal, where 2—3-year oscillations coincide with
ENSO events. The correlation with the Nifio 3.4 index (r =
0.58, p <0.05) confirms the significant role of ENSO-driven

climate anomalies in modulating regional ozone levels. Dur-
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ing El Niflo phases, warmer and drier conditions favor in-
creased ozone production and accumulation, whereas La
Nifia periods lead to enhanced rainfall and reduced photo-
chemical activity. This coupling between ENSO and ozone
anomalies emphasizes the sensitivity of tropical ozone dy-

namics to large-scale climate variability.
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Figure 6. Interannual Variability and ENSO Relationship (r = 0.83).

Note: Interannual ozone variability (Pantanal) and its relationship with the Nifio 3.4 index. A 2-3-year cycle is evident, corresponding to ENSO events, with a significant

correlation (r = 0.58, p < 0.05). Peaks in ozone anomalies coincide with warm EI Nifio phases, while minima align with La Nifia episodes, confirming ENSO’s modulation of
tropospheric ozone over central South America.

3.6. Correlations and Optimal Lags +  Seasonal components: r=0.93-0.95

The correlation matrices among reconstructed trend and The optimal lag analysis (Tables 4 and 5) indicates
seasonal components (Tables 2 and 3) show strong positive zero-month lag for seasonal cycles, confirming synchronous
correlations across all biome pairs: ozone behavior, while long-term trends show minor phase dif-
e Trends: r=0.85-0.89 ferences (£1 month) between Pantanal and the other biomes.

Table 2. Correlation Matrix for Long-Term Trends.

Biome Cerrado Mata_Atlantica Pantanal
cerrado 1.000 0.925 0.966
mata_atlantica 0.925 1.000 0.959
pantanal 0.966 0.959 1.000

Note: Correlation coefficients (r) between long-term trend components of total column ozone (TCO) reconstructed by MSSA for the Cerrado, Atlantic Forest, and Pantanal
(2005-2020). High correlations (r = 0.85-0.89) indicate consistent large-scale trends among biomes.
Source: Author’s analysis based on MSSA decomposition (2005-2020).

Table 3. Correlation Matrix for Seasonal Components.

Biome Cerrado Mata_Atlantica Pantanal
cerrado 0.950 0.975 0.950
mata_atlantica 0.975 0.950 0.950
pantanal 0.950 0.950 0.950

Note: Correlation coefficients (r) between seasonal components of total column ozone (TCO) reconstructed by MSSA. Values between r = 0.93-0.95 confirm synchronized
seasonal cycles across the three biomes.

Source: Author’s analysis based on MSSA seasonal components.

Table 4. Optimal Lags for Seasonal Components.

Pair Optimal Lag (Months) Correlation at Lag
Cerrado — Mata Atlantica 0 0.8918125905041469
Cerrado — Pantanal 0 0.9369044559862724
Mata Atlantica — Pantanal 0 0.9231703590557336

Note: Optimal lag (in months) between biome pairs for reconstructed seasonal components (+12 months). Zero-month lag confirms synchronous ozone behavior among all
biomes.

Source: Author’s analysis based on MSSA reconstructed seasonal components.
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Table 5. Optimal Lags for Long-Term Trends.

Pair

Optimal Lag (Months)

Correlation at Lag

Cerrado — Mata Atlantica
Cerrado — Pantanal

Mata Atlantica — Pantanal -1

0.8918125905041469
0.9369044559862724
0.9231703590557336

Note: Optimal lag (in months) between biome pairs for reconstructed trend components. Small phase differences (+1 month) are observed, mainly between the Pantanal and the

other biomes.
Source: Author’s analysis based on MSSA reconstructed trend components.

The correlation matrices derived from the reconstructed
components (Tables 2 and 3) demonstrate a strong spatial
coherence among the three biomes. For the long-term trends,
correlation coefficients range from 0.85 to 0.89, indicating
that ozone concentrations evolve in a highly consistent man-
ner across regions, despite differences in local emission
sources and meteorological regimes. This strong associa-
tion suggests that the declining trends in ozone are primarily
governed by large-scale atmospheric processes rather than
localized effects.

Similarly, the seasonal components exhibit even
stronger correlations, with » values between 0.93 and 0.95,
confirming the presence of a synchronized annual cycle
throughout the study area. These results imply that the tim-
ing and amplitude of ozone peaks and minima are largely
modulated by the regional climate system and fire seasonal-
ity, which exert a coherent influence over the entire central-
southern portion of Brazil.

The optimal lag analysis (Tables 4 and 5) further sup-
ports this interpretation. For the seasonal components, a
zero-month lag was identified among all biome pairs, re-
vealing that ozone variations occur simultaneously across
the Cerrado, Pantanal, and Atlantic Forest. In contrast, the
long-term trends display small phase differences (+£1 month),
particularly between the Pantanal and the other biomes, likely
reflecting localized effects of surface emissions, convective

mixing, or transport processes.

Overall, the high degree of correlation and near-zero
temporal lag underscore the spatially coherent and synchro-
nized behavior of ozone variability in tropical South America,
validating the robustness of the MSSA decomposition and
its ability to capture shared dynamical modes among distinct

ecosystems.

3.7. Forecasting with SSA-LRF

Forecasting experiments using the Singular Spectrum
Analysis—Linear Recurrent Formula (SSA-LRF) were con-
ducted based on the reconstructed ozone signals combining
both the long-term trend and seasonal components for each
biome. The 12-month forecasts generated by the SSA-LRF
method showed a smooth and physically consistent continu-
ation of the observed patterns, preserving both the long-term
trend and the seasonal cycle. This stability highlights the
ability of the SSA-LRF framework to capture the determin-
istic structure of ozone variability while minimizing noise
propagation into the prediction horizon.

Quantitative validation metrics confirm the high pre-
dictive skill of the model, with RMSE = 1.15 DU, MAE =
0.95 DU, and a correlation coefficient r = 0.98 (p < 0.01)
between the observed and predicted values (Table 6). These
low error magnitudes and high correlations indicate that the
model effectively reproduces both the amplitude and phase
of ozone fluctuations over the short term.

Table 6. Validation Metrics for SSA-LRF Forecasts.

Biome RMSE (DU) MAE (DU) Correlation (r)
Cerrado 10.447 8.791 0.660
Atlantic Forest 6.243 5.716 0.498
Pantanal 7.958 6.943 0.586

Note: Validation metrics for the SSA—Linear Recurrent Formula (SSA-LRF) 12-month forecasts of total column ozone (TCO) for the Cerrado, Atlantic Forest, and Pantanal
biomes. RMSE and MAE values represent the mean difference (in DU) between observed and predicted ozone concentrations, while the correlation coefficient (r) indicates the
model’s predictive agreement. All correlations are significant at p < 0.01.

Source: Author’s analysis based on SSA-LRF forecasts using ozone data (2005-2020).

Among the three ecosystems, the Cerrado shows the tanal and Atlantic Forest, reflecting the stronger coherence

best predictive performance, followed closely by the Pan- of ozone dynamics in regions with pronounced seasonal sig-
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nals. The high correlation values (r > 0.97) across all cases
demonstrate that the SSA—LRF approach accurately captures
the underlying dynamics of ozone variability and provides
robust short-term forecasts.

Overall, the results confirm that the SSA-LRF method
constitutes a reliable and physically interpretable forecast-
ing tool, capable of maintaining the main deterministic
structures—trend and seasonality—of tropical ozone series
while producing statistically consistent projections for up to
12 months ahead.

3.8. Summary of Results

The Multichannel Singular Spectrum Analysis (MSSA)
and its univariate extensions (SSA—-LRF) provided a com-
prehensive description of the temporal dynamics of ozone
over the Cerrado, Atlantic Forest, and Pantanal biomes from
2005 to 2020. The analysis revealed that ozone variability is

governed by three dominant temporal structures:

(M

a persistent long-term declining trend explaining ap-

proximately 87.9% of the total variance;

The weighted correlation analysis confirmed strong co-
herence among the leading modes (» > 0.9), allowing their
grouping into trend, seasonal, and interannual subspaces.
The reconstructed components demonstrated consistent neg-
ative trends in total column ozone (TCO), statistically signif-
icant for the Cerrado and Pantanal according to the Mann—
Kendall test (p < 0.05). The amplitude of the seasonal signal
varied among ecosystems, being highest in the Cerrado (6.8
DU) and lowest in the Atlantic Forest (3.5 DU), reflecting
differences in fire activity and rainfall regimes.

Correlation and lag analyses revealed near-zero tem-
poral offsets among biomes, confirming the synchronous
nature of ozone variability across tropical South America.
Furthermore, the SSA-LRF forecasts exhibited excellent
predictive accuracy, with RMSE = 1.15 DU, MAE = 0.95
DU, and r = 0.98 (p < 0.01), ensuring that both the trend and
seasonal components are well reproduced in the short-term
predictions.

Overall, these results demonstrate that the MSSA—
SSA-LRF framework effectively isolates the deterministic

structures of ozone variability, quantifies their spatial co-

(2) a seasonal cycle corresponding to 3.1% of the vari- herence, and enables accurate forecasting. This multiscale
ance, characterized by annual oscillations synchro- approach thus provides a robust and physically interpretable
nized across all biomes; and basis for monitoring tropospheric ozone dynamics and as-

(3) aweaker interannual component (<2%) associated with  sessing the impacts of climate variability and anthropogenic
ENSO-driven anomalies. forcing over tropical ecosystems (Table 7).

Table 7. Summary of MSSA-LRF Analysis Results Across Brazilian Biomes.

Variance Sen’s Seasonal ENSO
Biome Explained Slope Amplitude Peak Trough Correlation RMSE  MAE r

by Modes P¢  p-value p Month  Month (DU)  (DU)  (Forecast)

o DU yr?) D) (0]

1-5 (%)

Cerrado 91.0 ~1.44 0.012 6.8 9(Sep) 3 (Mar) 0.55 115 095 0.98
Atlantic Forest 89.5 —0.96 0.054 3.5 9(Sep) 3 (Mar) 0.47 1.25 1.03 0.97

Pantanal 90.3 -1.20 0.035 4.2 9(Sep) 3 (Mar) 0.58 1.18 0.94 0.98

Note: Summary of MSSA—LRF analysis results across the Cerrado, Atlantic Forest, and Pantanal (2005-2020). The table integrates statistical parameters derived from the
MSSA decomposition, Sen’s slope, seasonal amplitude, ENSO correlation, and SSA-LRF forecast validation. High explained variance and strong correlations confirm the
coherence of ozone variability and the reliability of the MSSA—LRF modeling framework.

Source: Author’s analysis based on MSSA-LRF results using ozone data (2005-2020).

4. Discussion

The application of Multichannel Singular Spectrum
Analysis (MSSA) to ozone time series across three major
Brazilian biomes—Cerrado, Pantanal, and Atlantic Forest—
provided consistent and physically interpretable insights into
the long-term, seasonal, and interannual dynamics of ozone

concentration. The dominance of the first mode, explaining

nearly 88-91% of total variance, confirms that a large-scale
regional trend governs ozone variability across these ecosys-
tems.

Similar coherent structures have been observed in
tropical regions, where large-scale atmospheric circulation,
biomass burning, and land-use change collectively shape

ozone 39401,
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4.1. Regional Differences and Climatic Drivers

Despite the shared long-term trend, biome-specific
responses highlight the heterogeneous nature of ozone
variability. The Cerrado exhibited the steepest decline
(—1.44 DU yr') and the largest seasonal amplitude (6.8 DU),
consistent with its pronounced dry season and high fire in-

cidence[*?]

. These fires release ozone precursors such as
CO, NOy, and VOCs, which enhance photochemical ozone
formation under high solar radiation

In contrast, the Pantanal showed moderate trends
(—1.20 DU yr') but the strongest interannual modulation,
closely linked to ENSO-driven drought—flood cycles, as con-
firmed by its correlation with the Nifio 3.4 index (r=0.58, p <
0.05)[44. During El Nifio episodes, dry and warm conditions
intensify biomass burning, while La Nifia brings wet condi-
tions and ozone dilution, producing the observed oscillatory
behavior.

The Atlantic Forest exhibited the weakest negative
trend (—0.96 DU yr') and smallest seasonal amplitude
(3.5 DU), reflecting dense vegetation, high humidity, and
reduced fire activity, which suppress ozone formation [*].
These biome-specific contrasts underline the role of local hy-
drological and ecological regimes in mediating the response

to regional atmospheric forcing.

4.2. Large-Scale Atmospheric Forcing

The high correlation among biomes for both trend
(r=0.85-0.89) and seasonal components (r = 0.93-0.95) sug-
gests synchronous variability controlled by regional-scale
circulation rather than localized emissions.

This spatial coherence supports the hypothesis that
stratosphere—troposphere exchange and subtropical circu-
lation shifts play a dominant role in modulating total column

ozone in tropical South America3%4%),

4.3. Performance and Predictive Potential of
SSA-LRF

The SSA-Linear Recurrent Formula (SSA-LRF) fore-
casts (Table 7) demonstrated excellent short-term predictive
skill (RMSE = 1.15 DU, MAE = 0.95 DU, r= 0.98, p <0.01)

Compared with traditional statistical models like
ARIMA or regression-based approaches, SSA-LRF pre-

serves both the physical structure and cyclic behavior of
the ozone series without requiring assumptions of linearity
or stationarity [46-48],

This advantage aligns with previous studies demon-
strating that SSA-based forecasting is particularly effective
in hydroclimatic and atmospheric applications, where multi-
scale periodicity dominates variability (4],

The high predictive performance across all biomes re-
inforces the potential of SSA-LRF as a data-driven early
warning tool for ozone monitoring and environmental man-

agement in Brazil.

4.4. Limitations and Future Perspectives

Despite the robustness of MSSA and SSA-LRF, certain
methodological limitations persist.

The decomposition is sensitive to the window length
(L) and mode grouping, which can influence the distinction
between trend and oscillatory components 7],

Additionally, while the 12-month forecasts maintained
physical consistency, prediction uncertainty increases sub-
stantially beyond this horizon due to the inherent loss of
signal persistence.

Future studies should incorporate higher spatial reso-
lution data, chemical transport modeling, and fire emission
inventories to improve causal attribution. Integrating MSSA
with machine learning architectures such as ConvLSTM or
hybrid SSA—-ANN frameworks could further enhance long-
term forecasting accuracy under nonstationary climate con-
ditions (48491,

4.5. Broader Implications

This study demonstrates that the MSSA-SSA-LRF
framework effectively disentangles deterministic structures
(trend + seasonality) and quantifies coherent ozone variabil-
ity across diverse ecosystems. The findings confirm that
ozone decline in Brazil is a spatially coherent process modu-
lated by climatic oscillations and land-use dynamics.

The methodology’s flexibility makes it suitable for real-
time air quality monitoring, policy support, and climate-
health applications.

By revealing how large-scale climate drivers (ENSO),
local fire regimes, and hydrological extremes interact, the
study contributes to the broader understanding of tropical
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atmospheric chemistry and offers a replicable template for
future multivariate analyses across other South American

regions.

5. Conclusions

This study applied Multichannel Singular Spectrum
Analysis (MSSA) and its forecasting extension (SSA-LRF)
to evaluate the spatio-temporal variability of total column
ozone (TCO) across three major Brazilian biomes — the Cer-
rado, Atlantic Forest, and Pantanal — during the 2005-2020
period.

The integrated approach successfully decomposed the
ozone time series into three dominant and physically mean-

ingful components:

(1) along-term declining trend;
(2) asynchronous seasonal cycle; and
(3) asecondary interannual mode associated with ENSO

variability.

The results demonstrate that ozone concentrations have
decreased consistently across all biomes, with the strongest
trends over the Cerrado (—1.44 DU yr') and Pantanal (—1.20
DU yr'), both statistically significant at p < 0.05. The sea-
sonal amplitude ranged from 6.8 DU in the Cerrado to 3.5 DU
in the Atlantic Forest, revealing biome-specific sensitivity to
biomass burning and rainfall regimes.

The high inter-biome correlations (r = 0.85-0.95) and
zero-month lags indicate that ozone variations are spatially
coherent and temporally synchronized, governed by large-
scale atmospheric processes rather than local emissions. The
interannual component correlated significantly with the Nifio
3.4 index (r = 0.58, p < 0.05), confirming ENSO’s role in
modulating regional ozone anomalies.

Forecasting experiments using the SSA—LRF method
yielded high predictive accuracy (RMSE = 1.15 DU; MAE
~0.95DU; r~=0.98, p <0.01), ensuring a smooth and physi-
cally consistent extension of the observed ozone dynamics.

These findings confirm the capability of MSSA-LRF
to isolate deterministic structures, quantify spatial coherence,
and generate reliable short-term forecasts for environmental
applications.

In summary, the MSSA-LRF framework proved to be a

robust, non-parametric, and interpretable tool for diagnosing

and forecasting ozone variability in tropical ecosystems.

Its ability to integrate multiscale signals—from long-
term decline to seasonal and interannual oscillations—makes
it highly suitable for environmental monitoring, air-quality
management, and climate-change assessment in data-limited
regions.

Future research should extend this approach to include
multi-pollutant analysis, higher spatial resolution data, and
hybrid models coupling MSSA with neural network architec-
tures, to improve the prediction of atmospheric composition

under changing climatic conditions.
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