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Highlights

What are the main findings?

• Five dominant AOD spatial organizations characterize global aerosol variability within
each climatological season, with spatial patterns consistent with major aerosol source
regions and transport pathways.

• Global AOD variability is characterized by the seasonal redistribution and interannual
variability of recurrent spatial organizations rather than by fundamental changes in
their geographical structures.

What are the implications of the main findings?

• The proposed season-specific framework provides a compact and physically inter-
pretable representation of seasonal and interannual global AOD variability from
satellite observations.

• The framework establishes a general low-dimensional strategy for analyzing long-
term Earth observation datasets through recurrent spatial organizations and their
temporal variability.

Abstract

This study presents a season-specific non-negative matrix factorization (NMF) framework
for investigating the long-term spatiotemporal variability of global aerosol optical depth
(AOD) at 550 nm using monthly MODIS Collection 6.1 observations (MOD08_M3) spanning
2000–2025. To maximize spatial completeness in the long-term dataset, NMF is performed
independently for each calendar month, followed by a season-specific mode-matching strat-
egy that establishes consistent correspondence among the extracted spatial organizations
within each climatological season. The proposed framework represents the global AOD
field using a limited number of dominant spatial organizations and their corresponding
temporal coefficients, revealing recurrent AOD patterns spatially associated with major
continental aerosol regions, trans-Atlantic Saharan dust transport, biomass-burning regions
over tropical Africa and South America, and large-scale continental background variability.
The extracted spatial organizations remain highly coherent within individual seasons,
while their temporal coefficients exhibit pronounced interannual variability. Independent
assessment using the MODIS Deep Blue Ångström exponent provides complementary
particle-size information that supports the physical interpretation of these AOD spatial
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organizations. These results demonstrate that global AOD variability can be characterized
by the seasonal redistribution and varying expression of recurrent spatial organizations
rather than by fundamental changes in their geographical structures. This framework
provides a compact, physically interpretable, and low-dimensional representation of global
aerosol spatial and temporal variability and establishes a general strategy for investigating
long-term satellite observations of atmospheric and other Earth system variables.

Keywords: non-negative matrix factorization (NMF); aerosol optical depth (AOD); MODIS
Collection 6.1 (MOD08_M3); global aerosol climatology; season-specific decomposition;
spatiotemporal variability

1. Introduction
Atmospheric aerosols are a fundamental and highly dynamic component of the Earth

system, profoundly influencing the planetary radiative balance, atmospheric chemistry,
cloud microphysical processes, ecosystem productivity, and human health [1–4]. By scat-
tering and absorbing solar radiation, these liquid and solid particles directly modulate
the top-of-atmosphere (TOA) energy budget and drive changes in the atmospheric ther-
mal structure [5–7]. Concurrently, they serve as cloud condensation nuclei and ice nuclei,
thereby governing cloud albedo, lifetime, and subsequent precipitation efficiency [8–13].
Owing to their diverse chemical compositions, short tropospheric lifetimes, and sporadic
transport pathways, aerosol distributions exhibit pronounced spatiotemporal heterogeneity.
Consequently, identifying the dominant mechanisms that govern this large-scale variability
remains a paramount yet challenging prerequisite in modern climate research [14–17].

Over the past two decades, space-borne remote sensing has fundamentally improved
our ability to observe and monitor aerosol properties from a planetary perspective [18–23].
Among operational satellite radiometers, the Moderate Resolution Imaging Spectrora-
diometer (MODIS) aboard the Terra and Aqua platforms provides one of the longest, most
continuous, and globally consistent records of aerosol optical depth (AOD), spanning
more than 25 years [24–36]. Dedicated analyses using the MODIS Collection 6.1 Level-3
monthly products (NASA MODIS Adaptive Processing System, Goddard Space Flight
Center, Greenbelt, MD, USA) have revolutionized our understanding of aerosol clima-
tology, long-term environmental variations, biomass burning emissions, anthropogenic
pollution events, and complex aerosol–cloud–climate interactions [37–39]. Compared with
localized ground-based observations or sporadic field campaigns, this extensive record
offers a unique opportunity to investigate global aerosol dynamics on a planetary scale.

Previous investigations using this long-term MODIS data archive have significantly
advanced our understanding of global aerosol fields by mapping persistent decadal trends,
tracking transcontinental transport pathways, and evaluating how aerosol loadings re-
spond to natural and anthropogenic forcing [40–48]. For instance, systematic decreases in
regional aerosol loading have been widely reported across eastern North America, Europe,
and eastern China following the stringent implementation of emission control policies;
conversely, increasing loading trends have been observed over South Asia and several
rapidly developing regions [49–53]. Extensive studies have also characterized the transat-
lantic evolution of Saharan dust plumes, the seasonal dynamics of smoke over central
Africa and South America, and the modulation of dust activity by large-scale climate
oscillations [40,54–58].

Despite these important advances, most previous studies have focused primarily on
pixel-wise temporal trends or localized regional variations. A complementary perspective
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is to investigate whether the global aerosol field exhibits an intrinsic spatial organization
that can be captured by a limited set of dominant spatial modes. Although global AOD
distributions appear highly heterogeneous due to multiple aerosol sources, atmospheric
transport, and removal processes, their long-term variability may still be governed by a rel-
atively compact set of recurrent large-scale spatial patterns. Characterizing these dominant
spatial organizations would provide a concise, physically interpretable description of the
global aerosol field and offer a complementary perspective on long-term aerosol variability
from satellite observations.

Various linear subspace methods, including empirical orthogonal function (EOF)
analysis, principal component analysis (PCA), maximum covariance analysis (MCA), and
unsupervised clustering techniques, have been used to characterize large-scale patterns
in atmospheric and remote sensing datasets [51,59–65]. However, aerosol optical depth
is inherently nonnegative and represents the additive contributions of multiple aerosol
systems, including mineral dust, anthropogenic pollution, biomass-burning smoke, and
marine aerosols [42,66–68]. Conventional EOF- and PCA-based approaches enforce orthog-
onality and inevitably produce basis vectors with both positive and negative values, which
are often difficult to interpret physically. In contrast, Nonnegative Matrix Factorization
(NMF) constrains both the spatial basis vectors and their corresponding coefficients to
be nonnegative, preserving a parts-based representation that is more consistent with the
additive nature of aerosol observations. NMF has been widely applied in hyperspectral
unmixing and other remote sensing applications [69–73]. The motivation of the present
study is therefore not to introduce a new NMF formulation, but to exploit its nonnegative
low-dimensional representation within a framework specifically designed to investigate
the recurrent spatial organization and long-term variability of the global aerosol field.

Global aerosol distributions exhibit pronounced seasonal variability, while the ma-
jor aerosol source and transport systems recur throughout the annual cycle. The geo-
graphical distributions of Saharan dust, Asian anthropogenic aerosol, biomass-burning
aerosol, and other major aerosol regimes are already well documented by previous ob-
servations [19,31,66]. A remaining question addressed here is how these regional aerosol
systems are organized into recurrent, covarying large-scale spatial structures and how
the relative contributions of these structures vary over multi-decadal timescales. This
perspective differs from conventional aerosol climatology, which primarily describes the
mean geographical and seasonal distribution of aerosol loading, and from orthogonal
decomposition approaches, which represent variability through mathematically orthogonal
positive and negative anomalies. By separating the global AOD field into nonnegative
spatial organizations and their corresponding temporal coefficients, NMF provides a means
of examining whether long-term aerosol variability is expressed primarily through changes
in the geographical structures themselves or through changes in the relative contributions
of recurrent spatial organizations.

Motivated by these considerations, this study investigates the long-term spatiotem-
poral organization of global aerosol optical depth using twenty-five years (2000–2025) of
MODIS observations. Independent NMF decompositions are performed for each calendar
month, followed by a season-specific mode-matching strategy to establish consistent corre-
spondence among the extracted spatial modes within each climatological season. Rather
than simply reproducing known regional aerosol climatologies, the analysis focuses on
recurrent large-scale spatial organizations and their temporal evolution. Specifically, the
objectives of this study are as follows: (1) to identify and quantify the dominant spatial
organizations of global aerosol loading; (2) examine their seasonal persistence and interan-
nual variability; and (3) establish a physically interpretable, low-dimensional framework
for characterizing multi-decadal global aerosol variability.
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2. Data Processing and Methodology
2.1. Study Dataset

In this investigation, we use the Collection 6.1 monthly Level-3 atmospheric product
(MOD08_M3; NASA MODIS Adaptive Processing System, Goddard Space Flight Center,
Greenbelt, MD, USA), compiled from observations acquired by the MODIS instrument
onboard the Terra satellite. The MOD08_M3 product provides global fields of atmospheric
parameters on an equidistant cylindrical grid at a standard spatial resolution [37]. Owing
to its extensive observational record, near-global coverage, and consistent retrieval method-
ology, this dataset has been widely used as a baseline constraint for aerosol climatology
mapping, long-term trend analysis, and atmospheric radiative effect modeling [39,71,72].

To extract a spatially complete representation of the global aerosol field, this study uses
the variable AOD_550_Dark_Target_Deep_Blue_Combined_Mean_Mean. This variable
represents the monthly mean of daily aerosol optical depth (AOD) reported at the standard
reference wavelength of 550 nm. The AOD retrieval is derived from multispectral MODIS
observations through the Dark Target (DT) and Deep Blue (DB) aerosol retrieval algorithms,
which exploit wavelength-dependent aerosol–surface radiative characteristics to retrieve
aerosol loading over different surface conditions [30,32,36,74]. The combined DT–DB
product integrates the complementary strengths of these algorithms over land, together
with the standard MODIS aerosol retrieval over ocean, thereby providing substantially
improved global coverage across vegetated, arid, semi-arid, and other bright surfaces. The
resulting 550 nm AOD therefore provides a spatially continuous and spectrally consistent
measure of aerosol loading that is particularly suitable for the global-scale spatiotemporal
decomposition conducted in this study.

The MOD08_M3 monthly product is generated by aggregating daily Level-3 aerosol
retrievals into monthly means, thereby suppressing high-frequency meteorological vari-
ability while preserving the seasonal and interannual characteristics of the global aerosol
field. Monthly datasets from February 2000 to December 2025 were compiled for this study,
with January 2000 excluded because routine Terra observations began after the start of
that month. To investigate season-specific aerosol variability, the complete dataset was
partitioned into 12 independent calendar-month groups, each containing approximately
25 annual samples, and each group was analyzed separately in the subsequent NMF
decomposition.

To provide complementary information for interpreting the NMF-derived spatial
organizations, the MOD08_M3 Deep Blue Ångström exponent (AE), Deep_Blue_Angstrom_
Exponent_Land_Mean_Mean, was additionally analyzed. This dimensionless parameter
represents the monthly mean Deep Blue AE over land between 0.412 and 0.47 µm. Only
the Deep Blue AE product was used because it provides extensive land coverage while
avoiding inconsistencies arising from AE products derived from different wavelength
pairs. In contrast to AOD, which represents the magnitude of column-integrated aerosol
extinction, AE describes its spectral dependence and provides qualitative information on
particle-size characteristics, with lower values generally indicating a stronger coarse-mode
contribution and higher values a greater fine-mode contribution.

The Deep Blue AE data were not included in the NMF decomposition and therefore did
not influence the derived AOD spatial modes. Instead, for each season and mode, AE fields
from the three months with the largest temporal coefficients (H) were composited using the
corresponding H values as pixel-wise weights over valid observations. These H-weighted
composites provide an independent physical-consistency assessment of the particle-size
regimes associated with periods when each AOD spatial organization is strongly expressed.
Because total-column AOD alone cannot uniquely determine aerosol composition or source
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type, the AE analysis is used to support physical interpretation rather than to identify
individual NMF modes as specific aerosol types or sources.

The overall workflow of the proposed methodology is summarized in Figure 1. The
framework comprises MODIS data preprocessing and matrix construction, independent
calendar-month NMF decomposition, rank-sensitivity and initialization-robustness assess-
ments, and season-specific mode matching based on spatial correlation. The resulting
spatial modes (W) and temporal coefficients (H) are subsequently used to characterize
the seasonal spatial organization and interannual variability of global aerosol loading. In
parallel, the Deep Blue AE data are incorporated as a post-decomposition diagnostic to
provide complementary particle-size information for assessing the physical consistency of
the inferred aerosol organizations. Details of the individual methodological components
are provided in the following sections.

Figure 1. Overall workflow of the season-specific NMF framework for analyzing the long-term
spatiotemporal variability of global aerosol loading. Monthly MODIS AOD observations at 550 nm
are quality controlled, temporally interpolated, and organized into 12 calendar-month matrices for
independent NMF decomposition. Rank sensitivity and initialization robustness are evaluated to assess
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the reconstruction performance and stability of the decomposition, followed by season-specific mode
matching based on spatial correlation to establish consistent mode correspondence within each
climatological season. The resulting spatial modes (W) and temporal coefficients (H) are used to
characterize the seasonal spatial organization and interannual variability of global aerosol loading.
As a complementary physical-consistency assessment, MODIS Deep Blue Ångström exponent (AE)
fields over land are composited for the three months with the largest H values for each seasonal mode
using the corresponding H values as weights. The resulting H-weighted AE distributions provide
complementary particle-size information for the physical interpretation of the NMF-derived spatial
organizations. Arrows indicate the direction of data processing and information flow; green denotes
the input MODIS dataset, orange denotes the selected input and derived data products, blue denotes
processing and analysis steps, and purple denotes the final analysis output.

2.2. Data Preparation and Matrix Construction

Before matrix construction, quality control was applied to remove invalid retrievals,
including predefined fill values and physically unrealistic AOD values. For each calendar
month and each spatial grid cell, the percentage of valid observations over the study
period was calculated. Grid cells with valid observations in at least 60% of the study years
were retained, and missing values within these qualified time series were filled using one-
dimensional linear interpolation along the temporal dimension. This procedure maximizes
the spatial completeness of the dataset while minimizing interpolation in regions that are
persistently missing.

Following preprocessing, each monthly dataset was reshaped into a two-dimensional
nonnegative matrix suitable for NMF. If a monthly dataset contains N valid spatial grid
cells and T annual observations, the corresponding data matrix is expressed as

X(m) =
[

x(m)
ij

]
∈ RN×T , X(m) ≥ 0, (1)

where m = 1, . . . , 12 denotes the calendar month; each row of X(m) represents the temporal
evolution of AOD at a single spatial location, whereas each column corresponds to the
global AOD distribution for a particular year within the same calendar month. The resulting
12 monthly matrices were analyzed independently in the subsequent NMF decomposition.

2.3. Nonnegative Matrix Factorization Formulation

For each calendar month, the corresponding data matrix was decomposed indepen-
dently. Given the nonnegative monthly matrix X(m), the low-rank factorization problem
can be formulated as:

X(m) ≈ W(m)H(m), (2)

where W(m) ∈ RN×r denotes the nonnegative spatial basis matrix whose columns represent
the dominant spatial modes of AOD, H(m) ∈ Rr×T denotes the corresponding temporal
coefficient matrix describing the contribution of each spatial mode to individual annual
observations, and r denotes the predefined number of decomposition modes.

The optimal factor matrices were obtained by minimizing the scalar-valued cost
function defined as the Frobenius norm of the reconstruction residuals, subject to strict
nonnegativity constraints:

min f
(

W(m), H(m)
)
= ∥X(m) − W(m)H(m)∥2

F

s.t.W(m) ≥ 0, H(m) ≥ 0
. (3)

To solve this nonlinear optimization problem, numerical iterations were performed
using the NMF_BPAS package, which employs an alternating nonnegative least-squares
(ANLS) framework [75–78]. The default block principal pivoting (BPP) algorithm was used
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to solve the nonnegative least-squares subproblems for the alternating updates of the basis
matrix W and coefficient matrix H. Compared with conventional multiplicative-update
schemes, the ANLS-BPP approach provides efficient convergence and favorable numerical
performance for large-scale matrix factorization problems [79]. Because NMF is non-
convex and NMF_BPAS initializes W and H randomly, the sensitivity of the decomposition
to initialization was additionally examined through repeated independent runs using
the same input data and default solver configuration. After accounting for the inherent
permutation ambiguity of NMF by matching corresponding basis vectors, the dominant
spatial modes were found to be highly consistent among independent runs, with differences
occurring primarily in mode ordering rather than in the spatial structures themselves. This
consistency demonstrates that the large-scale spatial AOD modes identified in this study
are robust to random initialization under the adopted NMF_BPAS configuration.

The decomposition rank r determines the balance between reconstruction fidelity and
the complexity of the extracted aerosol structures. A rank that is too small may merge
physically distinct large-scale aerosol organizations, whereas an unnecessarily large rank
may progressively subdivide dominant structures into increasingly localized components
and reduce the compactness and physical interpretability of the decomposition. To quan-
titatively assess the sensitivity to rank, systematic NMF experiments were conducted for
r = 2–8 using the same preprocessed monthly AOD matrices and solver configuration.
Reconstruction performance was evaluated using the mean absolute error (MAE) and root
mean square error (RMSE) between the original and reconstructed AOD fields. As shown in
Figure 2, the 12-month mean MAE and RMSE decrease systematically from 0.037 and 0.070
at r = 2 to 0.033 and 0.061 at r = 5, respectively, and further decrease to 0.030 and 0.056 at
r = 8. The results indicate continued improvement in reconstruction fidelity with increasing
rank, while the incremental reduction becomes progressively smaller. Considering recon-
struction accuracy together with model parsimony and the physical interpretability of the
resulting spatial patterns, r = 5 was selected as a balanced low-dimensional representation
for all 12 calendar-month datasets. This configuration captures the major recurrent spatial
organizations of global AOD while avoiding unnecessary subdivision of the dominant
aerosol patterns.

Figure 2. Sensitivity of MODIS AOD reconstruction errors at 550 nm to the prescribed NMF rank
(r = 2–8). Bars represent the mean absolute error (MAE) and root mean square error (RMSE) averaged
across the 12 calendar-month NMF decompositions, and error bars indicate ±1 standard deviation
among the monthly values.
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2.4. Season-Specific Mode Matching

Since NMF was performed independently for each calendar month, the extracted spa-
tial modes are mathematically unordered and therefore cannot be directly compared across
different months. Rather than establishing correspondence across all twelve months simul-
taneously, a Season-Specific Mode Matching (SSMM) strategy was adopted to account for
the continuous seasonal evolution of the global aerosol field. The twelve calendar months
were grouped into four climatological seasons (winter, spring, summer, and autumn), and
one representative month near the center of each season was selected as the reference for
matching the remaining two months within the corresponding season. January, April, July,
and October were used as the reference months in the primary analysis.

For each season, the spatial correlation coefficient between every pair of extracted
spatial modes was computed as

Rij = corr
(

Wref
i

∣∣∣Wm
j

)
, (4)

where Wref
i denotes the i-th spatial mode of the reference month and Wm

j represents the
j-th spatial mode extracted from another month within the same season. Because five
modes were prescribed for each monthly decomposition (r = 5), all possible permutations
(5! = 120) were evaluated. The optimal correspondence was determined by maximizing
the total spatial correlation,

M∗ = arg max
M

r

∑
i=1

Ri,M(i), (5)

where M denotes a one-to-one matching function that assigns each reference mode to a
corresponding mode in the target month. Accordingly, M(i) represents the matched mode
index associated with the i-th reference mode, and M∗ denotes the optimal matching that
maximizes the overall spatial similarity. After the optimal correspondence was determined,
both the spatial basis matrix W and the corresponding temporal coefficient matrix H were
reordered according to M∗, thereby preserving the mathematical consistency of the NMF
decomposition.

The spatial consistency of the resulting mode correspondence was further quantified
using the Pearson correlation coefficients between the reordered monthly spatial modes
and their corresponding reference-month modes. Using January, April, July, and October as
the reference months, respectively, the correlations for the matched nonzero spatial modes
ranged from 0.500 to 0.869, with a mean of 0.719 and a median of 0.724 (Table 1), indicating
generally moderate-to-strong spatial correspondence among independently decomposed
monthly modes. In a small number of cases, although r = 5 was prescribed consistently for
all monthly decompositions, one of the five NMF components converged to a zero-valued
spatial mode, such that only four nonzero spatial modes were effectively resolved for that
month. Because a zero-valued mode contains no spatial variability, its Pearson spatial
correlation is undefined and is therefore reported as a dash in Table 1. The remaining
nonzero modes were retained and matched according to their spatial correspondence.

To examine whether the SSMM results depend on the choice of reference month,
the matching procedure was additionally repeated using each of the other two months
within every climatological season as the reference. The resulting mode correspondences
were highly consistent with those obtained using January, April, July and October as the
reference months, with only minor differences involving weaker higher-order compo-
nents. Importantly, the correspondence of the dominant spatial modes and their principal
large-scale aerosol structures remained essentially unchanged. This sensitivity assessment
indicates that the seasonal mode correspondence is primarily determined by the spatial
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similarity of the NMF-derived aerosol patterns rather than by the specific reference month
selected for the matching procedure.

Table 1. Pearson spatial correlation coefficients of the seasonally matched NMF spatial modes,
using January (Jan), April (Apr), July (Jul) and October (Oct) as representative reference months for
winter, spring, summer and autumn, respectively. Note: Dashes indicate cases in which one of the
corresponding NMF components converged to a zero-valued spatial mode; consequently, the Pearson
spatial correlation was undefined.

Season Month Pair Mode 1 Mode 2 Mode 3 Mode 4 Mode 5

Winter
December–Jan 0.784 0.801 0.689 0.801 0.543
February–Jan 0.821 0.798 0.530 0.869 —

Spring March–Apr 0.682 0.825 0.816 0.560 0.828
May–Apr 0.721 0.735 0.858 0.692 0.809

Summer
June–Jul 0.761 0.721 0.571 0.527 0.862

August–Jul 0.607 0.754 0.604 0.649 0.839

Autumn
September–Oct — 0.630 0.789 0.819 0.667
November–Oct — 0.698 0.500 0.719 0.724

3. Results
3.1. Subsection Global Monthly Climatology of Aerosol Optical Depth

Figure 3 shows the global monthly climatological mean AOD at 550 nm, compiled
from the MOD08_M3 Collection 6.1 product for the multi-decadal period from 2000 to
2025. The global aerosol fields exhibit pronounced seasonal patterns in both their baseline
magnitudes and geographical distributions, reflecting the coupled effects of localized
natural emissions, regional anthropogenic activities, and long-range atmospheric transport.
On the global scale, several large-scale atmospheric aerosol anomalies show persistent
geographical patterns throughout the annual cycle.

Figure 3. Monthly climatological mean AOD at 550 nm derived from the MOD08_M3 Collection
6.1 product during 2000–2025. Each panel represents the multi-year mean AOD for an individual
calendar month, illustrating the seasonal evolution of the global aerosol distribution.

The maximum AOD columns are systematically centered over northern Africa, the
Arabian Peninsula, South Asia, and eastern China, which correspond directly to promi-
nent desert dust source regions and densely populated, heavily industrialized centers.
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Elevated column densities are concurrently evident over central Africa and South America
during their respective fire seasons, whereas low background AOD values systematically
dominate remote oceanic basins and high-latitude zones. These persistent spatial patterns
are consistent with the established physical understanding of planetary aerosol source
distributions [31,66].

Although the core column centroids remain geographically stable, their loading inten-
sities and spatial dimensions vary substantially seasonally. The trans-Atlantic Saharan dust
plume expands westward across the tropical Atlantic during the boreal summer, driven
by the seasonal intensification of the trade-wind regimes, which constitutes one of the
most prominent radiative features worldwide [35,54,80]. Concurrently, biomass-burning
smoke plumes become increasingly distinct over central Africa and South America from
July through October, whereas continental anthropogenic pollution over eastern and south-
ern Asia persists throughout the annual cycle, exhibiting distinct seasonal fluctuations
regulated by local boundary-layer conditions and variable emission strengths [57,58,81].
These cyclic oscillations collectively drive the continuous reorganization of global aerosol
distributions.

Despite pronounced month-to-month variability, the recurrent appearance of major
aerosol hotspots suggests that the global AOD field has an intrinsic spatial organization. To
identify these dominant spatial modes, independent NMF decompositions were performed
for each calendar month, followed by season-specific mode matching for inter-month
comparisons.

3.2. Season-Specific Spatial AOD Modes in Winter

Figures 4 and 5 jointly summarize the spatial and temporal characteristics of the winter
NMF decomposition. Figure 4 shows the five matched spatial AOD modes for December,
January and February, whereas Figure 5 presents the corresponding temporal coefficients
from 2000 to 2025. For consistent visualization and direct comparison, the spatial modes
were scaled to a common range of 0–1, and the corresponding coefficients were scaled
accordingly within the NMF factorization. The resulting coefficients generally fall between
0 and 1.2, with only a few isolated values exceeding unity. The rescaling affects only the
representation of the factors and does not alter their relative spatial or temporal character-
istics. After season-specific mode matching, the dominant spatial organizations remain
highly coherent throughout winter, while their temporal contributions exhibit substantial
interannual variability. Because these modes are derived solely from total-column AOD at
550 nm, their physical interpretation is based primarily on their spatial correspondence
with known aerosol regimes and is further evaluated using the independent Deep Blue
AE analysis presented in Section 3.6; the modes are therefore interpreted as AOD spatial
organizations rather than uniquely identified aerosol types or sources.

Mode 1 is characterized by pronounced aerosol loading over eastern China and the
Indo-Gangetic Plain, along with weaker continental signals extending across North Africa
and the Middle East. This organization changes little from December to February and is
spatially consistent with previous observations of persistent winter aerosol accumulation
over eastern and southern Asia [31,66,82,83]. The corresponding coefficients in Figure 4
remain relatively large throughout much of the record, particularly from the mid-2000s
to the mid-2010s, suggesting that this continental AOD organization was more strongly
expressed during this portion of the observational record.
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Figure 4. Season-specific dominant spatial AOD modes during winter (December–February). Each
row represents one matched spatial mode, and each column corresponds to an individual month.
The modes were reordered using the proposed correlation-based matching strategy to facilitate
intra-seasonal comparison. For visualization and comparison, the spatial modes were proportionally
scaled to a common range of 0–1. Dec, Jan, and Feb are abbreviations for December, January, and
February, respectively.

Mode 2 represents a broad aerosol pattern extending from northern Africa across the
Arabian Peninsula toward South Asia. Its spatial configuration remains highly consistent
across the three winter months and broadly coincides spatially with the major North
African–Arabian mineral dust belt [35,80]. In contrast to its stable geographical structure,
the associated coefficients tend to be larger during portions of the latter record, particularly
after the mid-2010s. Because no formal trend or significance analysis is applied to the latent
NMF coefficients, this behavior is interpreted descriptively as enhanced expression of the
corresponding AOD spatial organization during these years rather than as evidence of a
statistically significant long-term increase.
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Figure 5. Temporal coefficients (H) corresponding to the season-specific spatial AOD modes during
winter (December–February) from 2000 to 2025. Each panel represents one matched mode, with
grouped bars showing the coefficients for December, January, and February. The coefficients were
scaled consistently with the corresponding spatial modes and generally fall between 0 and 1.2, with
only a few isolated values exceeding 1. Dec, Jan, and Feb are abbreviations for December, January,
and February, respectively.

Mode 3 exhibits a more diffuse continental organization spanning North Africa, the
Middle East, and parts of Eurasia and eastern Asia [42]. Its coefficients are generally small
except for several isolated enhancements, including pronounced early-record contributions
and an episodic peak around 2016. Modes 4 and 5 account for weaker regional and
residual structures. Mode 4 shows intermittent coefficient enhancements without an
evident persistent temporal pattern, whereas Mode 5 contributes only episodically and
becomes negligible in February, consistent with its nearly vanishing spatial pattern in
Figure 3.

Collectively, Figures 4 and 5 show that the winter aerosol field can be represented by a
limited number of recurrent spatial organizations whose geographical structures remain
relatively stable, while their temporal contributions vary substantially from year to year.
The temporal coefficients are therefore used here to characterize the relative expression
and interannual variability of these recurrent AOD organizations, rather than to establish
statistically significant multi-decadal trends.

3.3. Season-Specific Spatial AOD Modes in Spring

Figures 6 and 7 present the spring aerosol modes and their corresponding temporal
coefficients for March–May. Compared with winter, spring is characterized by a broader
spatial extent of continental AOD structures and enhanced spatial connectivity among
major aerosol-influenced regions. While the dominant aerosol organizations remain largely
consistent with those identified during winter, both their geographical extent and interan-
nual variability become substantially more pronounced.
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Figure 6. Same as Figure 4, but for the spring season (March–May). Mar and Apr are abbreviations
for March and April, respectively.

The most prominent organization is Mode 2, which exhibits a broad AOD pattern
extending from North Africa across the tropical North Atlantic toward the Arabian Penin-
sula. As shown in Figure 6, this spatial pattern closely corresponds to the well-established
Saharan dust transport corridor and reaches a much broader spatial extent than in win-
ter, consistent with the seasonal strengthening of Saharan dust emissions and long-range
transport [35,54,80]. The corresponding coefficients in Figure 7 tend to be larger after
approximately 2010, with several pronounced values during the most recent decade, sug-
gesting stronger expression of this dust-associated AOD organization during these periods.
This temporal behavior is interpreted descriptively rather than as evidence of a statistically
significant long-term trend.
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Figure 7. Same as Figure 5, but for the spring season (March–May). Mar and Apr are abbreviations
for March and April, respectively.

Mode 1 is characterized by enhanced AOD over eastern China and the Indo-Gangetic
Plain, regions frequently influenced by substantial anthropogenic aerosol loading. Rela-
tive to winter, its spatial extent expands toward northern China and surrounding regions,
consistent with changes in regional aerosol distributions during spring. The temporal coef-
ficients exhibit substantial year-to-year fluctuations throughout the study period, indicating
pronounced interannual variability without a consistently monotonic temporal pattern.

Mode 3 describes a broader continental aerosol organization linking North Africa,
the Middle East, and eastern Asia. Compared with winter, this background continental
structure becomes more spatially connected, while its temporal coefficients remain active
across most years and show no clear monotonic temporal pattern. This behavior suggests
that Mode 3 primarily represents persistent continental-scale aerosol variability with spatial
characteristics consistent with the seasonal expansion of large-scale aerosol transport
pathways.

Mode 4 represents another spatial organization concentrated over the western Sahara
and the Arabian Peninsula, broadly coinciding with major dust-influenced regions. Rather
than showing the broad trans-Atlantic spatial pattern associated with Mode 2, this mode
emphasizes regional variability within these source regions. Its coefficients remain relatively
small throughout the study period, indicating that this regional AOD organization is
generally less strongly expressed than the dominant spring modes.

Mode 5 accounts for a weak residual background component distributed over conti-
nental and remote oceanic regions. Although its spatial pattern remains relatively diffuse,
the corresponding coefficients tend to be smaller during portions of the record after the
early 2010s. This behavior indicates weaker expression of the residual AOD organization
during these periods, without implying a statistically significant long-term decrease.

Taken together, the spring decomposition indicates that the seasonal transition from
winter is governed primarily by the spatial expansion of an AOD organization consis-
tent with the Saharan dust transport corridor, while the principal Asian and continental
AOD organizations remain spatially persistent. Rather than generating fundamentally
new aerosol structures, spring is characterized by broader and more spatially connected
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recurrent AOD organizations, accompanied by substantial interannual variations in their
relative expression.

3.4. Season-Specific Spatial AOD Modes in Summer

Figures 8 and 9 present the summer aerosol modes and their corresponding temporal
coefficients for June–August. Compared with the previous seasons, summer exhibits the
clearest separation among the dominant large-scale aerosol organizations. The aerosol field
is characterized by several geographically distinct yet spatially connected AOD organiza-
tions that broadly correspond to major aerosol source regions and transport pathways and
exhibit pronounced interannual variability.

Figure 8. Same as Figure 4, but for the summer season (June–August). Jun, Jul, and Aug are
abbreviations for June, July, and August, respectively.

The most extensive organization is Mode 2, characterized by a pronounced AOD struc-
ture extending from North Africa across the tropical North Atlantic toward the Caribbean
and the Americas. This spatial pattern is consistent with the well-established Saharan dust
transport corridor. Relative to spring, its spatial extent and continuity increase substantially,
consistent with the well-documented peak of trans-Atlantic Saharan dust transport during
boreal summer [54,80,84,85]. Enhanced aerosol loading is also evident over boreal North
America, where summer wildfire activity can contribute substantially to regional aerosol
loading. As shown in Figure 9, the temporal coefficients of Mode 2 exhibit pronounced
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year-to-year fluctuations, with particularly large values in several recent years, indicating
substantial interannual variability in the expression of this large-scale AOD organization.

Figure 9. Same as Figure 5, but for the summer season (June–August). Jun, Jul, and Aug are
abbreviations for June, July, and August, respectively.

A second prominent organization, Mode 3, is centered over Central Africa and South
America, with a spatial distribution consistent with major biomass-burning regions reported
in previous studies and fire-emission datasets [86,87]. Compared with spring, these AOD
features become more pronounced and spatially distinct from the Saharan dust-associated
pattern, consistent with the seasonal intensification of biomass-burning activity [57,88,89].
The associated temporal coefficients show substantial year-to-year variability, including
several pronounced values after the mid-2010s, but do not indicate a consistently monotonic
temporal pattern.

Meanwhile, Mode 1 highlights regions of enhanced continental AOD, including east-
ern China, the Indo-Gangetic Plain, central Africa, and South America. Unlike the broad,
transport-dominated pattern represented by Mode 2, this mode emphasizes geographically
distinct aerosol hotspots that broadly coincide with major continental emission regions.
Its temporal coefficients fluctuate throughout the study period without a clear monotonic
temporal pattern, indicating persistent but strongly variable expression of this continental
AOD organization.

The remaining components (Modes 4–5) describe a broader continental background
and weaker residual aerosol structures. Although their spatial structures remain relatively
stable throughout summer, their temporal coefficients show intermittent enhancements in
individual years, indicating substantial interannual variability in these secondary AOD
organizations.

Overall, the summer decomposition shows that this season exhibits particularly well-
separated large-scale AOD organizations. Spatial patterns consistent with trans-Atlantic
Saharan dust transport, biomass-burning regions over Africa and South America, wildfire-
influenced regions over North America, and other continental aerosol source regions are
clearly expressed in the decomposition. Correspondingly, the temporal coefficients show
pronounced interannual variability, indicating substantial year-to-year changes in the
relative expression of these recurrent spatial organizations, while their overall geographical
structures remain comparatively stable.
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3.5. Season-Specific Spatial AOD Modes in Autumn

Figures 10 and 11 present the autumn aerosol modes and their corresponding temporal
coefficients for September–November. Following the highly organized summer config-
uration, the global aerosol field gradually transitions toward its winter state. The most
apparent seasonal changes are the reduced spatial expression of AOD patterns associated
with biomass-burning regions and the contraction of the trans-Atlantic AOD structure
consistent with Saharan dust transport, while the principal continental aerosol organiza-
tions remain clearly identifiable. Compared with summer, the spatial patterns become less
sharply delineated, reflecting the seasonal reorganization of large-scale AOD structures
during the seasonal transition.

Figure 10. Same as Figure 4, but for the autumn season (September–November). Sep, Oct, and Nov
are abbreviations for September, October, and November, respectively.
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Figure 11. Same as Figure 5, but for the autumn season (September–November). Sep, Oct, and Nov
are abbreviations for September, October, and November, respectively.

Mode 2 continues to exhibit a broad AOD pattern extending from North Africa toward
the tropical North Atlantic, consistent with the Saharan dust transport corridor. As shown
in Figure 9, the trans-Atlantic AOD structure shortens relative to summer, consistent
with the seasonal retreat of long-range Saharan dust transport [54,80]. Nevertheless, the
corresponding temporal coefficients in Figure 11 show relatively large values in several
years after the mid-2010s, indicating continued interannual variability in the expression of
this dust-associated AOD organization during autumn.

Mode 3 exhibits enhanced AOD over the major biomass-burning regions over central
Africa and South America. Compared with summer, these AOD features become more
localized and less spatially extensive, consistent with the seasonal decline of biomass-
burning activity [57,86,88,89]. Its temporal coefficients exhibit pronounced interannual
variability, with several large values during the middle of the record generally smaller
values in several more recent years, indicating substantial year-to-year variability in the
expression of this biomass-burning-associated spatial organization.

Mode 1 highlights regions of enhanced continental AOD, particularly eastern China
and the Indo-Gangetic Plain. Although this continental AOD pattern remains evident in
September and November, its spatial expression is considerably weaker than in spring and
winter and nearly absent in October after seasonal mode matching. The corresponding
temporal coefficients fluctuate substantially from year to year, with no clear monotonic
temporal pattern, reflecting pronounced interannual variability in this continental AOD
organization.

The remaining components (Modes 4–5) primarily describe continental background
and residual aerosol patterns. Their spatial structures remain relatively stable throughout
the season, while the temporal coefficients show only moderate year-to-year variability,
except for a few isolated enhancement events. These modes therefore capture secondary
AOD variability that becomes relatively more apparent as the dominant summer spatial
organizations weaken.

In summary, the autumn decomposition is characterized by a reduced spatial extent
of AOD patterns associated with biomass-burning regions and trans-Atlantic Saharan
dust transport, while the major continental AOD organizations remain largely preserved.

https://doi.org/10.3390/rs18193292

https://doi.org/10.3390/rs18193292


Remote Sens. 2026, 18, 3292 19 of 30

Rather than introducing new aerosol structures, autumn is characterized by changes in
the spatial extent and relative expression of recurrent AOD organizations, providing a
transition between the well-separated summer patterns and the winter configuration.

3.6. Seasonal Evolution of Global Aerosol Spatial Organization

The seasonal decompositions presented in Figures 4–11 reveal that the global aerosol
field evolves through a continuous reorganization of a limited number of recurrent AOD
spatial modes rather than through the emergence of entirely new spatial structures. Al-
though the relative expression and geographical extent of individual modes vary sub-
stantially among seasons, the dominant AOD organizations remain remarkably persistent
throughout the annual cycle. As summarized in Table 2, spatial patterns associated with
major continental aerosol regions over eastern China and the Indo-Gangetic Plain, the Saha-
ran dust transport corridor, continental background aerosols, and major biomass-burning
regions constitute recurrent features of global AOD variability. Their seasonal evolution
is primarily expressed through changes in spatial extent, geographical connectivity, and
relative expression, consistent with previous satellite-based investigations of global aerosol
climatology and seasonal variability [31,42,66,74].

Table 2. Summary of the dominant season-specific AOD spatial organizations derived from the
NMF analysis. Each NMF mode represents a recurrent large-scale AOD spatial pattern rather than a
uniquely identified aerosol type or source. The physical interpretation is based on the geographical
characteristics of each mode and its spatial consistency with established aerosol patterns reported in
previous studies.

Season Mode Dominant AOD
Spatial Organization

Representative
Regions

Seasonal
Characteristics

Physical
Interpretation

Winter

1 Asian continental
AOD

Eastern China,
Indo-Gangetic Plain Persistent Continental aerosol

accumulation

2
North

African–Arabian
AOD

Sahara, Arabian
Peninsula Spatially stable Dust-associated

pattern

3 Continental
background

North Africa, Middle
East, Eurasia Persistent Continental

background

4 Regional North
African AOD

Western Sahara,
Arabian Peninsula Spatially stable Regional dust

influence

5 Residual background Mixed continental and
remote regions Weak and episodic Secondary variability

Spring

1 Asian continental
AOD

Eastern China,
Indo-Gangetic Plain Spatial expansion Continental aerosol

influence

2 Trans-Atlantic AOD North Africa, Tropical
North Atlantic Spatial expansion Saharan dust

transport

3 Continental
background

North Africa, Middle
East, Eurasia Persistent Continental

background

4
Regional

African–Arabian
AOD

Western Sahara,
Arabian Peninsula Spatially stable Regional dust

influence

5 Residual background Continental and remote
oceanic regions Weak Secondary variability
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Table 2. Cont.

Season Mode Dominant AOD
Spatial Organization

Representative
Regions

Seasonal
Characteristics

Physical
Interpretation

Summer

1 Continental AOD
hotspots

Eastern China,
Indo-Gangetic Plain,
Central Africa, South

America

Persistent Continental aerosol
influence

2 Trans-Atlantic AOD Sahara–Tropical North
Atlantic

Broadest spatial
extent

Saharan dust
transport

3 Tropical continental
AOD

Central Africa, South
America Pronounced Biomass-burning

influence

4 Continental
background Eurasia, North America Spatially stable Continental

background

5 Residual background Continental and remote
oceanic regions Weak Secondary variability

Autumn

1 Asian continental
AOD

Eastern China,
Indo-Gangetic Plain Seasonally variable Continental aerosol

influence

2 Trans-Atlantic AOD North Africa, Tropical
North Atlantic Spatial contraction Saharan dust

transport

3 Tropical continental
AOD

Central Africa, South
America

Reduced spatial
extent

Biomass-burning
influence

4 Continental
background Eurasia, North Africa Persistent Continental

background

5 Residual background Mixed continental and
remote regions Weak and episodic Secondary variability

Distinct seasonal characteristics nevertheless emerge from the four decompositions.
Winter establishes a relatively stable AOD configuration, with pronounced continental
patterns over eastern and southern Asia and broader structures spatially associated with
dust-influenced regions. During spring, the AOD pattern associated with the Saharan
dust transport corridor expands substantially across the tropical North Atlantic, consistent
with the well-documented seasonal evolution of Saharan dust transport. Summer exhibits
particularly well-separated large-scale spatial organizations, including patterns consistent
with trans-Atlantic Saharan dust transport, major biomass-burning regions over central
Africa and South America, wildfire-influenced regions over North America, and other
continental aerosol source regions [57,86,89]. During autumn, these dominant spatial
patterns become less extensive and gradually reorganize toward the winter configuration,
completing a continuous annual cycle of global AOD spatial variability. Taken together,
these results demonstrate that the annual variability of global aerosols can be effectively
represented as the seasonal redistribution and varying expression of a limited number of
recurrent spatial organizations. This low-dimensional representation provides a compact
framework for characterizing the seasonal and interannual variability of global aerosol
loading without requiring individual NMF modes to be uniquely identified with specific
aerosol types or sources.

3.7. Physical Consistency Assessment Using Deep Blue Ångström Exponent

To further assess the physical consistency of the aerosol organizations identified by
NMF, the MODIS Deep Blue Ångström exponent (AE) was used to provide complementary
information on aerosol particle-size characteristics. The AE data were not included in
the NMF decomposition and therefore did not influence the extraction or ordering of the
AOD spatial modes. For each seasonal mode, the three months with the largest temporal
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coefficients (H) were selected, and the corresponding monthly Deep Blue AE fields were
composited using their H values as weights (Figure 12). In general, AE values below
approximately 0.5 indicate a strong coarse-mode contribution, values of approximately
0.5–1.2 are commonly associated with mixed particle-size conditions, and values above
approximately 1.2 indicate an increasing dominance of fine-mode aerosols. These ranges
provide a qualitative particle-size indicator rather than a strict aerosol-type classification.

Figure 12. H-weighted MODIS Deep Blue Ångström exponent (AE) distributions over land associated
with the five seasonal NMF spatial modes. For each mode and season, the three months with the
largest temporal coefficients (H) were selected, and the corresponding monthly Deep Blue AE fields
were composited using their H values as weights. Only valid AE observations were included
in the pixel-level weighted averages. Columns represent winter, spring, summer, and autumn,
respectively, and rows correspond to NMF Modes 1–5. Lower AE values indicate a stronger coarse-
mode contribution, whereas higher AE values indicate a greater relative contribution from fine-mode
aerosols. The resulting distributions provide complementary particle-size information for assessing
the physical consistency of the aerosol organizations represented by the NMF spatial modes.

Pronounced particle-size contrasts are consistently observed across the seasonal com-
posites. Low AE values dominate North Africa, particularly the Sahara and adjacent arid
regions, indicating a strong coarse-mode contribution that is physically consistent with
the prominent mineral-dust influence represented in several NMF-derived AOD spatial
organizations. In contrast, substantially higher AE values occur over many continental
regions, including eastern North America, South America, Europe, and eastern and south-
ern Asia, indicating a greater relative contribution from fine-mode aerosols. The spatial
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extent of these coarse- and fine-mode regimes also varies seasonally, providing particle-size
information that cannot be inferred from the magnitude of AOD at 550 nm alone.

Importantly, individual NMF modes generally encompass multiple AE regimes rather
than exhibiting a spatially uniform particle-size signature, and several large-scale AE fea-
tures are shared among different modes within the same season. This further supports the
interpretation that the NMF components represent recurrent large-scale spatial organiza-
tions of aerosol loading rather than individual aerosol types. The Deep Blue AE analysis
therefore provides a complementary physical-consistency assessment of the NMF-derived
spatial modes and strengthens their interpretation without assigning a unique aerosol type
to each component.

4. Discussion
4.1. Physical Interpretation of Season-Specific Aerosol Spatial Organizations

The dominant spatial organizations identified by the proposed season-specific NMF
framework are highly consistent with the principal global aerosol systems documented by
previous satellite observations and aerosol climatology studies [31,42,66,74]. Owing to the
non-negativity constraint imposed by NMF, the extracted basis vectors naturally represent
geographically coherent aerosol organizations rather than mathematical patterns containing
compensating positive and negative structures. However, because the decomposition
is based on total-column AOD at 550 nm, the NMF modes should not be interpreted
as direct identification of individual aerosol types or emission sources. Instead, their
geographical distributions and seasonal evolution reveal AOD spatial patterns that are
consistent with major aerosol regimes and transport features, including regions influenced
by anthropogenic emissions over eastern China and the Indo-Gangetic Plain, Saharan dust
transport across the tropical North Atlantic, biomass-burning activity over tropical Africa
and South America, and large-scale continental background aerosol distributions. The
close agreement between these spatial organizations and established aerosol climatology
indicates that the proposed framework preserves dominant spatial structures associated
with seasonal global aerosol variability.

The AE analysis provides independent particle-size information to support the phys-
ical interpretation of the NMF modes. The AE characteristics during selected high-
contribution periods provide complementary evidence for distinguishing AOD patterns
associated with coarse-mode dust from those dominated by fine-mode aerosols. Nev-
ertheless, AE alone cannot uniquely determine aerosol composition or source, and the
interpretation therefore relies on the combined evidence from AOD spatial patterns, sea-
sonality, geographical context, and AE characteristics.

An important implication of these results is that long-term aerosol variability can be
represented as variations in the relative contributions of recurrent AOD spatial organiza-
tions, while allowing their detailed geographical expression to vary seasonally. Throughout
the annual cycle, the extracted modes consistently capture AOD patterns associated with
the seasonal expansion and retreat of the Saharan dust transport corridor [55,84], regions af-
fected by seasonal biomass-burning activity over tropical Africa and South America [57,86],
and the persistent high-AOD centers associated with densely populated and industrialized
regions such as eastern China and the Indo-Gangetic Plain [31,66]. These findings suggest
that the global aerosol field contains recurrent, low-dimensional spatial structures, while
the observed seasonal and interannual variability arises predominantly from changes in
the relative importance of these AOD organizations. Such a representation provides a
compact, physically interpretable framework for investigating long-term global aerosol
variability and for generating hypotheses regarding its relationships with aerosol emissions,
atmospheric transport, and climate.
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4.2. Rationale for the Season-Specific Framework

A practical motivation for the proposed season-specific framework stems from the
characteristics of the MODIS monthly AOD product. The spatial distribution of valid
AOD retrievals varies substantially throughout the annual cycle due to seasonal changes in
solar illumination, cloud cover, snow cover, and retrieval conditions [31]. Constructing a
single data matrix from observations across all calendar months would therefore require
restricting the analysis to the spatial intersection of all monthly datasets, resulting in
a considerable loss of valid observations. To maximize spatial coverage and retain as
much information as possible, NMF decomposition was performed independently for each
calendar month.

Performing independent monthly decompositions means the extracted modes lack
inherent correspondence across months. The proposed season-specific mode-matching
strategy addresses this issue by establishing consistent relationships among neighboring
monthly solutions within each climatological season, thereby preserving both seasonal
continuity and physical interpretability. Rather than enforcing a single invariant set of
annual spatial modes, the framework allows aerosol organizations to evolve naturally with
the seasonal cycle while maintaining meaningful comparisons within each season. Conse-
quently, the proposed framework simultaneously maximizes data utilization during matrix
decomposition and preserves physically consistent seasonal evolution during interpreta-
tion. Nevertheless, because the monthly NMF solutions are obtained independently, the
matched coefficients are most appropriately interpreted as relative measures of temporal
variability within the corresponding season-specific modes rather than as directly observed
aerosol-source contributions. Although developed for the MODIS monthly AOD product,
this strategy is readily applicable to other long-term Earth observation datasets exhibiting
strong seasonal variations in spatial sampling or observational availability.

4.3. Long-Term Variability Revealed by Seasonal Mode Coefficients

The temporal coefficients provide a compact representation of the interannual evolu-
tion of the dominant aerosol organizations while preserving their spatial structures. Rather
than requiring a separate spatial pattern for each year, the proposed framework represents
long-term global aerosol variability through changes in the relative contributions of a lim-
ited set of recurrent aerosol organizations. This separation between relatively stable spatial
organizations and evolving temporal coefficients greatly simplifies the interpretation of
multi-decadal satellite observations while maintaining a clear physical connection to the
underlying aerosol systems. The extracted temporal variability aligns with previous stud-
ies showing that major aerosol source regions remain geographically persistent, whereas
aerosol loading evolves in response to changes in emissions, atmospheric transport, and
meteorological conditions [19,49,90].

It should be emphasized that the temporal coefficients are latent variables derived from
matrix factorization rather than direct measurements of individual physical processes. Their
variation, therefore, reflects the combined effects of multiple factors, including changes in
emissions, long-range transport, meteorological variability, and aerosol removal processes.
In addition, because the NMF decompositions are performed independently for individual
calendar months and subsequently aligned through the season-specific mode-matching
procedure, variations in the matched coefficients should not by themselves be interpreted
as statistically established multi-decadal trends. Statements regarding increases, decreases,
or enhanced activity of individual modes are therefore intended to describe the temporal
behavior evident in the reconstructed AOD organizations rather than to establish formal
trends or causal changes in specific aerosol sources. Robust trend attribution would require

https://doi.org/10.3390/rs18193292

https://doi.org/10.3390/rs18193292


Remote Sens. 2026, 18, 3292 24 of 30

dedicated statistical analyses, including trend significance and uncertainty assessment,
together with independent observational constraints.

The additional AE analysis introduced in this study provides an independent aerosol-
size-related constraint for evaluating selected periods in which individual NMF modes
exhibit large temporal contributions. The consistency between the spatial AOD patterns,
their seasonal occurrence, and the corresponding AE characteristics strengthens the inter-
pretation of several dominant modes. Nevertheless, AE itself is not a unique aerosol-type in-
dicator, and variations in AOD and AE can also reflect changes in relative humidity, aerosol
mixing state, transport, boundary-layer structure, and removal processes. Consequently,
quantitative attribution of individual peaks or long-term trends requires complementary
datasets, such as aerosol-type products, fire-emission inventories, meteorological reanalysis
data, and climate indices. Nevertheless, the temporal coefficients provide an efficient,
low-dimensional description of long-term aerosol variability, enabling identification of
major modes of variability and establishing a physically interpretable basis for future
investigations of aerosol–climate interactions, source attribution, and multi-sensor Earth
observation datasets.

4.4. Implications and Limitations

The proposed season-specific framework offers a compact, physically interpretable
approach to investigating long-term aerosol variability from satellite observations. By
combining nonnegative matrix factorization with season-specific mode matching, the
framework separates relatively stable spatial organizations from their evolving tempo-
ral contributions within a unified analytical framework. Owing to the non-negativity
constraint, the extracted spatial modes naturally represent additive aerosol organizations
without compensating positive and negative structures [69–71]. However, these modes
represent AOD spatial organizations rather than uniquely identified aerosol types or
sources, and their physical interpretation should therefore rely on consistency with geo-
graphical distributions, seasonal behavior, and complementary aerosol information. This
low-dimensional representation substantially reduces the complexity of multi-decadal
satellite datasets while preserving the dominant spatiotemporal characteristics of global
aerosol variability. Although developed using the MODIS monthly AOD product, the
methodology itself is independent of a particular sensor and can be readily extended to
other long-term Earth observation datasets exhibiting pronounced seasonal variability.

Several limitations should be recognized when interpreting the results. First, the NMF
decomposition is based on total-column AOD at 550 nm, which does not directly constrain
aerosol composition, source category, or vertical distribution. The AE analysis provides
complementary particle-size information and strengthens the interpretation of selected
modes, but AE alone cannot uniquely distinguish aerosol types, particularly under mixed
aerosol conditions. Second, the NMF temporal coefficients are latent variables rather than
direct measurements of aerosol-source strength. Because the monthly decompositions
are performed independently and subsequently aligned through season-specific mode
matching, variations in these coefficients are more appropriately interpreted as descriptive
interannual variability than as statistically established long-term trends. Finally, NMF
solutions may depend on the selected rank, initialization, data completeness, and prepro-
cessing, and individual modes do not necessarily correspond one-to-one with independent
physical aerosol processes.

Future studies could further constrain the physical attribution and long-term evolu-
tion of these modes by incorporating complementary aerosol-type products, fire-emission
inventories, meteorological reanalysis data, and other independent observations [19]. Ex-
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tending the framework to multiple aerosol variables may provide a more comprehensive
description of global aerosol variability.

5. Conclusions
This study investigated the long-term spatiotemporal variability of global aerosol

optical depth (AOD) using monthly MODIS Collection 6.1 observations from 2000 to 2025.
A season-specific non-negative matrix factorization (NMF) framework was developed to
decompose the global aerosol field into dominant spatial organizations and their corre-
sponding temporal coefficients. To maximize spatial completeness in the MODIS monthly
dataset, matrix decomposition was performed independently for each calendar month,
followed by a season-specific mode-matching strategy to establish physically consistent
correspondence among the extracted modes within each climatological season. This frame-
work provides a low-dimensional representation in which recurrent seasonal AOD spatial
organizations and their interannual variability can be examined separately.

The analysis demonstrates that much of the observed global AOD variability can
be represented by a limited number of recurrent spatial organizations whose relative
contributions vary across seasons and years. The geographical distributions and seasonal
evolution of these modes show characteristics primarily associated with major aerosol
regimes, including Saharan dust transport, anthropogenic aerosol loading over eastern
China and the Indo-Gangetic Plain, and biomass-burning influence over tropical Africa and
South America. The complementary Ångström exponent analysis provides independent
particle-size information that further supports the physical interpretation of selected modes.
Collectively, these results indicate that a substantial fraction of multi-decadal global AOD
variability can be organized into geographically and seasonally coherent structures and
their evolving temporal contributions. Importantly, because the decomposition is based on
total-column AOD at 550 nm, these modes represent AOD spatial organizations associated
with different aerosol regimes rather than unique identification of aerosol types or sources.
Similarly, variations in their temporal coefficients characterize interannual variability but
do not, by themselves, establish statistically significant long-term trends.

Altogether, the proposed season-specific NMF framework provides a compact, physi-
cally interpretable representation of long-term satellite aerosol observations. Its broader
value lies in providing a systematic approach for organizing complex satellite records into
recurrent spatial structures and their evolving temporal contributions while accommodat-
ing seasonally varying data availability. Although demonstrated using the MODIS monthly
AOD product, the methodology is sensor-independent and can be readily extended to other
long-term Earth observation datasets. Integration with complementary aerosol-type, emis-
sion, vertical-profile, and meteorological observations could further constrain the physical
attribution and long-term evolution of the identified AOD organizations. More broadly, the
framework provides a transferable low-dimensional approach for investigating recurrent
spatial organization and temporal variability in long-term Earth observation records.
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