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Abstract

Wildfires represent a major environmental hazard with significant impacts on ecosystems,
climate, biodiversity, and human activities. The increasing frequency and intensity of wild-
fire events have highlighted the need for reliable and timely detection techniques based on
satellite remote sensing. This study investigates the application of Proper Orthogonal De-
composition (POD) to thermal observations acquired from the Spinning Enhanced Visible
and Infrared Imager (SEVIRI) onboard the Meteosat Second Generation (MSG) satellite for
wildfire anomaly detection. A wildfire event that occurred on 8 August 2021 in Calabria,
Southern Italy, was selected as the primary case study. To assess the consistency of the POD
response beyond the primary case, the analysis was further extended to two additional
wildfire events, Viggianello-Abate and Pazzano—Montestella, using the 15 x 15 pixel ex-
traction window. Middle Infrared (MIR, 3.9 um) observations collected at 15 min intervals
over a complete day were analyzed using four different spatial extraction windows (3 x 3,
15 x 15, 30 x 30, and 45 x 45 pixels). POD was employed to separate dominant back-
ground thermal variability from localized fire-induced anomalies. The analysis focused
on higher-order POD modes, particularly the 6th, 7th, and 8th modes, which exhibited
enhanced sensitivity to wildfire activity. Results showed that POD successfully identified
thermal anomalies corresponding to wildfire occurrence times independently detected by
the RST-FIRES methodology. The comparison of extraction window sizes revealed that the
15 x 15 pixel window provided the best balance between anomaly enhancement, spatial
localization, and noise reduction. Larger windows introduced excessive spatial smooth-
ing and reduced localization capability, whereas the smallest window was more affected

. by noise. The findings demonstrate the potential of POD as an effective complementary
Check f dat 1 1 . e . . . .
e approach for wildfire detection and monitoring using geostationary satellite observations.
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Wildfires are among the most destructive natural hazards affecting ecosystems, cli-
This article is an open access article

distributed under the terms and mate, biodiversity, and human society worldwide [1-5]. In recent decades, the frequency

conditions of the Creative Commons  and intensity of wildfire events have increased significantly due to climate change, pro-
Attribution (CC BY) license. longed droughts, land-use changes, and anthropogenic activities [6-9]. These fires produce
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severe environmental and socio-economic impacts, including vegetation loss, atmospheric
pollution, greenhouse gas emissions, and threats to human life and infrastructure [10-12].
Consequently, the development of reliable and rapid wildfire detection systems has become
a major research priority in remote sensing and disaster management.

Satellite remote sensing has become one of the most effective approaches for wild-
fire detection and monitoring because of its capability to provide repetitive and synoptic
observations over large geographic regions [13-17]. Polar-orbiting satellite sensors such
as MODIS and VIIRS have been widely used for active fire detection owing to their rela-
tively high spatial resolution and well-established fire products [14,15,18-20]. However,
the temporal revisit period of polar-orbiting satellites is often insufficient for early wildfire
detection and continuous monitoring of rapidly evolving fire events [21-23].

Geostationary satellites offer an important advantage for wildfire monitoring due
to their high temporal resolution. The Spinning Enhanced Visible and Infrared Imager
(SEVIRI) sensor onboard Meteosat Second Generation (MSG) provides observations every
15 min, enabling near real-time fire monitoring and improved detection of short-lived or
rapidly developing fires. Previous studies demonstrated the potential of MSG-SEVIRI
data for wildfire detection using contextual, threshold-based, and multi-temporal ap-
proaches [24-26]. In particular, the Robust Satellite Techniques for the FIRES (RST-FIRES)
algorithm showed that multi-temporal analysis significantly improves the capability of
detecting thermal anomalies associated with active fires.

Recently, advanced statistical and data-driven techniques have gained increasing
attention in remote sensing applications for anomaly detection and feature extraction.
Proper Orthogonal Decomposition (POD), also known as Principal Component Analysis
in some contexts, is an efficient mathematical technique used to extract dominant spatial
and temporal patterns from large datasets. POD has been successfully applied in envi-
ronmental monitoring, fluid dynamics, meteorology, and remote sensing because of its
capability to reduce dimensionality while preserving the most significant variability of the
data [27-29]. In wildfire applications, POD-based methods can enhance thermal anomaly
characterization by separating dominant background variability from fire-induced signals.

The method works by extracting a set of basis functions that are eigenmodes of the
autocorrelation matrix of the field under study, integrated over the computational domain.
These modes provide the largest energetic contribution to the original field. The method
gives the distinction between long-lived structures of the temperature field and incoherent
random fluctuations with sudden or persistent energetic structures, representing, in our
case, the thermal anomaly field as a signature of the fire. However, given that the method
is intrinsically statistical, the results depend on the dimension of the datasets. Maps of
temperature fields spanning many pixels in both latitudinal and longitudinal coordinates
can include many more sources of both background and random fluctuations, thus reducing
wildfire detection performances. On the other hand, datasets involving a smaller number
of pixels would decrease the statistical significance of the method, yielding poor statistical
information. A trade-off is therefore necessary in order to obtain the best results from the
method in terms of fire detection capabilities.

In this study, we carried out a systematic investigation of the POD applied to MSG-
SEVIRI thermal observations of a single wildfire event, for which both the fire position
and time are known, by using multiple extraction window sizes, including 3 x 3, 15 x 15,
30 x 30, and 45 x 45 pixels. By evaluating different spatial scales, this work aims to identify
the influence of contextual information on wildfire anomaly extraction and to determine
the most suitable extraction size for improved fire detection performance among those
tested in this work. The proposed approach contributes to understand the scale-dependent
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thermal anomaly behavior in geostationary satellite imagery and provides new insights for
operational wildfire monitoring systems.

2. Materials and Methods
2.1. Study Area and Wildfire Event

This study focuses on a single wildfire case located in Maiera (CS) [Grisolia]| —Monte
Romano, Calabria Region, Southern Italy. The wildfire event occurred on 8 August 2021
at approximately latitude 39.733138° N and longitude 15.842920° E. The selected event
exhibited a clear thermal anomaly detectable in geostationary satellite observations and
therefore represented a suitable case for testing the Proper Orthogonal Decomposition
(POD) methodology for wildfire characterization.

To further evaluate the consistency of the POD response beyond the primary wildfire
case used for the spatial-window sensitivity analysis, two additional wildfire events, Vig-
gianello-Abate and Pazzano-Montestella, were examined. These events were treated as
independent evaluation cases rather than being used to redefine the extraction window size.
Based on the results obtained from the primary case, the 15 x 15 pixel extraction window
was retained for these additional analyses, and the same POD procedure was applied to
the corresponding daily MSG-SEVIRI MIR sequences. The temporal coefficients and spatial
eigenfunctions of the intermediate POD modes were then examined for correspondence
with the independently identified wildfire occurrence times and locations.

2.2. Satellite Data

The analysis was performed using observations acquired from the Meteosat Second
Generation (MSG) satellite through the Spinning Enhanced Visible and Infrared Imager
(SEVIRI) sensor. SEVIRI provides images every 15 min, allowing continuous monitoring of
wildfire evolution in near real-time conditions.

Although SEVIRI includes multiple spectral channels, the present study exclusively
employed Channel 04, corresponding to the Middle Infrared (MIR) band at 3.9 pm. This
spectral region is highly sensitive to high-temperature targets and is widely used for
active fire detection because burning surfaces emit strong thermal radiation in the MIR
wavelength range.

For the selected wildfire event, a complete daily temporal sequence was collected.
The dataset consisted of 96 temporal observations in the form of rectangular-shaped spatial
maps of pixels, with each pixel containing the respective value of the brightness temper-
ature, acquired at 15 min intervals, covering the period from 00:00 GMT to 23:45 GMT.
The SEVIRI MIR Channel 04 has a nominal spatial sampling of approximately 3 km at the
sub-satellite point, with the effective ground pixel size increasing with viewing angle away
from the nadir. This spatial sampling sets the intrinsic localization scale of the analysis.
Thermal anomalies associated with fires smaller than the pixel footprint may be spatially
mixed with the surrounding background, reducing their apparent thermal contrast.

2.3. Data Preprocessing

The data analyzed in this study originated from MSG-SEVIRI Level 1.5 observations.
Prior to each analysis, Channel 04 (3.9 um) had already been extracted from the original
dataset and provided as brightness-temperature fields. The input examined data consisted
of binary arrays containing 32-bit floating-point brightness-temperature values in Kelvin.
Likewise, no geometric, nor radiometric calibration is applied, since the spatial registration
of the Level 1.5 observations had already been performed upstream. The SEVIRI MIR
images report the measured brightness temperature on a large area spanning hundreds of
kilometers. The first step of the analysis was to extract a spatial area around the wildfire
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location using different square extraction windows in order to evaluate the influence of
spatial scale dimensions on thermal anomaly detection. The analyzed areas were selected
by keeping the position of the fire in the center of the map. Four extraction sizes were
considered:

* 3 x 3pixels;

e 15 x 15 pixels;
* 30 x 30 pixels;
* 45 x 45 pixels.

For each extraction window, the temporal sequence of MIR observations was then
analyzed through the POD technique and the results were compared in order to find out
which window size yielded the best results in terms of fire detection. Notice that, in the
analysis, we considered many more extraction windows (5 x 5, 10 x 10, 20 x 20, 60 x
60, to cite just a few), but we report here the results for the cases listed above because the
others were very similar.

2.4. Proper Orthogonal Decomposition (POD)

Proper Orthogonal Decomposition (POD) was applied to the temporal sequence of
SEVIRI MIR observations in order to extract the dominant spatial and temporal variability
associated with the wildfire event. POD is a statistical decomposition technique that
separates a dataset into orthogonal spatial modes and corresponding temporal coefficients.

The technique was used in the past to study the properties of the turbulence in channel
flows [30,31], investigate solar coronal photospheric motions [32], or even for the medical
detection of cancers [33]. More recently, it was also applied to detect the most energetic
structures of the turbulence in tropical and tropical-like cyclones from several types of
remote sensing satellite data [34-36].

The decomposition can be expressed as [28]:

T(x,y,t) Zﬂk )Pk (x,y) 1)

where T(x,y,t) represents the spatio-temporal thermal field, a(t) is the temporal coeffi-
cient, ¢y (x,y) is a set of orthogonal basis functions, and k denotes the POD mode number.
The total number of modes, N, depends on how the basis functions are extracted. The basis
functions are the solutions that maximize the time-average of the projection of the initial
field on a generic function ¢(x,y), namely:

(|<T,¢> )
91>

where (-); represents a time average and < -,- > a scalar product in a suitable norm.

max

It turns out that the solution of this problem is not unique. There is a denumerable
infinity of functions ¢ = ¢i(x,y) that verify this property, and it can be found as the
solution of the following Fredholm problem of the second kind:

/Q R(x,y,x',y") p(x,y')dx' dy' = /()(T(x, v, Ty, 0) e« y) dx' dy = A g (x, ) )

where R(x,y,x",y") = (T(x,y) T(x',y’)): is the autocorrelation tensor of the field under
study (the brightness temperature, in this specific case) and (2 is the spatial domain (the
rectangular map of pixels). This means that the solutions ¢ (x, y) are actually the eigenfunc-
tions of problem (2). As usual, for a discrete sampling in both space and time of the fields,
the number of eigenfunctions is not infinite, but rather equal to the number of analyzed
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snapshots of the field. Similarly, the continuous integrals can be transformed in discrete
matrix operators and the problem is solved numerically.

Once problem (2) is solved and the discrete set of eigenvalues Ay and eigenfunctions
¢x(x,y) are found, one can easily find the coefficient a;(t) of expansion (1) by projecting
the original field on the corresponding basis function ¢ (x, t):

a(t) =< T(x,y,t), pe(x,y) >

The POD eigenvalues, eigenfunctions and coefficients enjoy a series of remarkable

properties [28]:

1. The eigenfunctions ¢ are orthonormal: < ¢y, Py >= Jypy;;

2. The coefficients are uncorrelated on temporal average: (a; am)t = Ay,

3. From the two properties above, Ay = (|ax|?);, that is, the k-th eigenvalue represents
the “energy” (in temporal average) associated with the k-th eigenmode;

4. The time-average of the “energy” of the field equals the time-average of the coefficients:
(IT1?)e = Li{lax(£)*)e;

5. The autocorrelation R(x,y, x’, ) can be written as:
R(x,y,x,y) = Y Mer(xy) ¢p(x',y)
k

To summarize, there is a direct correlation between the POD modes and coefficients
and the energetic content of the field. This can be interpreted by saying that the first POD
mode retains the maximum energy of the field, the second retains the highest remaining
energetic content, and so on. In conclusion, the first POD modes capture the bulk of the
energy content of the field in such a way that even few POD modes are enough to describe
the main characteristics of the field. Sometimes, this property is called the “optimality
condition”, in the sense that the POD spectrum is the one that captures the highest energy
content of the field with the lowest number of modes (in other words, this means that the
POD spectrum is the fastest to decrease as a function of the mode number).

Based on the previous considerations, it is understandable that the lower-order POD
modes mainly describe the large-scale background variability (in the case of the daily
temperature field, the diurnal thermal behavior), whereas intermediate-order modes isolate
localized transient thermal anomalies related to wildfire activity. Finally, the highest-order
modes describe less “coherent” thermal fluctuations or noise.

One advantage of the POD with respect to other decomposition methods (like Fourier
or wavelet expansions) lies in the fact that no special requirement is imposed on boundary
conditions, which can be completely generic. This means, for instance, that the method
is fully scalable, in the sense that a large spatial domain area can be partitioned into
smaller contiguous subdomains, and the POD is carried out on each of them independently.
However, the method intrinsically depends on the size of the domain over which the
decomposition is made. In particular, in the eigenvalue problem (2), the integral depends
on the size of the spatial domain (), as well as the autocorrelation matrix R(x,y, x",y').
Such a dependency is related to the statistical nature of the method and, in particular,
too large domains containing a large number of fluctuations having similar amplitudes.
This could mask the contributions of the largest values. On the other hand, too small
domains may enhance the contribution of even small fluctuations due to the poor statistics.
Therefore, especially when the field consists of a global trend with superposed fluctuations
and amplitudes comparable with one other (as is the case for the daily temperature field
of wildfires). An analysis of the sensitivity of the results to the size of the domain has to
be considered.
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In this study, we performed such investigations on the sizes of the analysis domain
to establish the best dimensions of the window containing the temperature field in order
to better identify the local fluctuations of the temperature field connected to fire activity.
In particular, we carried out the analysis on different window sizes (3 x 3,15 x 15, 30 x 30
and 45 x 45 pixels, respectively) to see which one was more suitable for the identification
of the fire from the temperature maps. Moreover, attention was given to the 6th, 7th,
and 8th POD modes because these modes exhibited stronger sensitivity to fire-induced
thermal perturbations.

2.5. Wildfire Detection Analysis

The temporal coefficients obtained from POD decomposition were analyzed to iden-
tify abnormal fluctuations associated with wildfire activity. The occurrence times of the
detected anomalies were compared with the wildfire timing identified by the RST-FIRES
methodology and documented fire in order to verify the consistency of the extracted ther-
mal signals. Note that the results we use here concern the time and spatial localization
of the fires obtained from databases and other algorithms. We do not intend to make any
comparison of the effectiveness of the POD analysis with respect to other methods, but we
simply want to show that our method yields results that are in perfect agreement with other
kinds of analyses. Comparisons with other methods require a greater number of cases.
Such an investigation is currently in progress and will be the subject of another article.

The spatial eigenfunctions associated with the higher-order POD modes were also
examined to evaluate the spatial localization capability of each extraction window. The com-
parison among different extraction sizes allowed assessment of the trade-off between noise
reduction, spatial smoothing, and wildfire localization performance.

The methodological workflow shown in Figure 1 and adopted in this study can be
summarized as follows:

Figure 1. Systematic workflow of the proposed methodology for wildfire anomaly detection using
MSG-SEVIRI Channel 04 and Proper Orthogonal Decomposition (POD).

Acquisition of MSG-SEVIRI MIR (3.9 um) data for the selected wildfire event;
Spatial extraction around the wildfire location using multiple window sizes;
Construction of the temporal observation matrix;

Application of Proper Orthogonal Decomposition;

SO IR

Analysis of temporal coefficients and spatial eigenfunctions for wildfire anomaly detection.
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3. Results

Proper Orthogonal Decomposition (POD) analysis was applied to MSG-SEVIRI ther-
mal observations using different spatial extraction windows of 3 x 3, 15 x 15, 30 x 30,
and 45 x 45 pixels. The temporal coefficients ax () and the corresponding spatial eigenfunc-
tions associated with the 6th, 7th, and 8th POD modes were analyzed in order to investigate
their capability for wildfire detection and characterization.

The temporal domain considered in this study consists of 96 time slots corresponding
to one complete day of MSG-SEVIRI observations acquired at 15-minute intervals. There-
fore, the temporal sequence starts at 00:00 GMT and ends at 23:45 GMT. In this framework,
time slot 0 corresponds to 00:00 GMT, time slot 1 corresponds to 00:15 GMT, and so on
before ending at time slot 95, corresponding to 23:45 GMT.

The RST-FIRES algorithm detected fire activity at approximately 07:45 GMT, corre-
sponding to time slot 31. This time is indicated by the dashed vertical lines in the temporal
coefficient plots.

The POD decomposition revealed that the lower-order modes (0th-5th modes) mainly
represent large-scale background variability and diurnal thermal behavior associated with
solar illumination and land surface heating. In particular, the first two modes capture
the dominant daytime thermal contribution caused by solar radiation and slowly varying
atmospheric and surface conditions. Consequently, fire-induced thermal anomalies are not
clearly distinguishable within these dominant modes because the wildfire signal remains
masked by strong background energy contribution. Although the effective temperature
associated with active combustion is substantially higher than that of the surrounding
land surface, the brightness temperature measured by SEVIRI does not directly represent
fire temperature because active burning generally occupies only a fraction of the satellite
pixel. The measured MIR radiance therefore contains contributions from both the burning
area and the non-burning background. Moreover, daytime solar heating and the reflected
solar component in the 3.9 pm band can increase background variability and reduce the
apparent fire-to-background contrast. The SEVIRI MIR channel saturates at approximately
335 K, further limiting the maximum measurable brightness temperature. Thus, weak
or highly sub-pixel fires may produce only moderate departures from the surrounding
thermal background.

In contrast, the higher-order modes, particularly the 6th, 7th, and 8th modes, exhibited
clear transient perturbations associated with wildfire activity. These modes effectively
isolate localized thermal anomalies from the dominant background variability and therefore
provide a more sensitive representation of fire dynamics.

In our framework, the detection of the fire is carried out by looking at both the temporal
evolution of the coefficients and the eigenfunctions. In particular, the coefficients of each
single POD mode describe the time behavior of the temperature for the corresponding mode.
Therefore, one should expect that, at the moment of the thermal anomaly induced by the
fire, the coefficients should exhibit either a positive or negative peak. The corresponding
eigenfunction, given the spatial distribution of the fluctuations, should instead show
an either positive or negative peak corresponding to the position of the fire. In total,
the (positive or negative) peak of the coefficients a(t) for the modes 6, 7 and 8 should yield
the time at which the fire is detected, while the (again, positive or negative) peak in the
eigenfunction ¢ (x,y) should supply the information on the localization of the fire. Since
this information was available from the RST-FIRES methodology, we selected the pixels
of the spatial window for the given sizes in such a way that the fire position is always in
proximity of the center of the window.

In the following figures, we show the results of our analysis by showing the behavior
of the coefficients in time on the left, corresponding to the POD modes 6, 7 and 8, and the
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corresponding eigenfunctions as contour plots on the right. The detection of the fire is
therefore carried out by looking at the presence of a peak in the coefficients, together
with the presence of a peak (in both cases, the peaks can be either positive or negative)
in the eigenfunction (identified, when found, as a red spot in the contour plots, falling in
the middle of the shown area, since we chose this area as having the fire at the center).
Furthermore, it should be noted that the values on the color bars corresponding to the
eigenfunctions are only useful to establish the sign and intensity of the peak. According to
Equation (1), the final value of the temperature is given by the product of the coefficient by
the eigenfunction.

For the 3 x 3 pixel extraction shown in Figure 2, the temporal coefficients showed rela-
tively noisy fluctuations due to the limited spatial context and reduced spatial averaging.
Although some anomalies were visible near the fire occurrence times, the spatial eigenfunc-
tions remained highly localized and fragmented, making fire identification less robust.

Figure 2. Temporal coefficients a;(t) and spatial eigenfunctions corresponding to the 6th, 7th,
and 8th POD modes for the 3 x 3 pixel extraction window. In this plot and in all other similar plots,
the dashed vertical lines indicate the wildfire occurrence times detected by the RST-FIRES algorithm at
approximately 07:45 GMT and 09:15 GMT. Due to the limited spatial extent, the temporal coefficients
exhibit relatively noisy fluctuations, while the spatial eigenfunctions remain highly localized and
fragmented, reducing the robustness of fire identification.

To further examine the distribution of variability among the POD modes, the eigen-
value spectrum was evaluated for the 15 x 15 pixel extraction window of the Maiera (CS)
[Grisolia]-Monte Romano event in Figure 3. The spectrum exhibits a pronounced decrease
over the first few modes, indicating that most of the dominant variability of the thermal
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field is concentrated in the low-order POD components. The decay becomes progressively
weaker at intermediate and higher orders, where individual modes represent substantially
lower-energy contributions to the total thermal field.

Figure 3. Eigenvalue spectrum obtained from the Proper Orthogonal Decomposition (POD) of the
MSG-SEVIRI MIR (3.9 um) brightness-temperature sequence for the Maiera (CS) [Grisolia]-Monte
Romano wildfire using the 15 x 15 pixel extraction window. The logarithm of the POD eigenvalue,
log E(n), is plotted as a function of mode order n. The spectrum shows a steep decrease for the first
few modes, followed by a progressively flatter decay at higher orders, indicating the transition from
dominant energetic structures to lower-energy components of the thermal field.

This behavior is consistent with the spatial and temporal characteristics of the POD
decomposition. The dominant low-order modes primarily describe large-scale and persistent
variations of the observed thermal field, including the diurnal evolution of land-surface
temperature. Conversely, the lower-energy intermediate modes contain finer and more
transient structures that are less dominant in the overall variance of the daily thermal sequence.

Importantly, the eigenvalue spectrum alone was not used as a sufficient criterion for
identifying fire-sensitive modes. Mode selection was based on the combined examination
of the eigenvalue distribution, the temporal coefficients ay (), and the corresponding spatial
eigenfunctions ¢ (x, y). In the present case, modes 6-8 were retained because their temporal
coefficients exhibited perturbations associated with the independently identified fire period,
and their spatial eigenfunctions showed localized structures within the wildfire region.
The fact that the modes on which the fire is detected are not necessarily the most energetic
ones can be understood while thinking that the eigenvalues represent the energy on a given
POD mode, but rather are averaged in time (see the third property of the POD listed above).
Since the fire itself is an energetic event (but, as explained before, the actual values of the
temperature reached are not much higher than the daily changes) with a relatively short
time duration, the energetic contribution, averaged over the 96 snapshots of the analysis,
gives a modest contribution to the energy represented by the eigenvalues. Modes below this
range were dominated by broader background variability, whereas progressively higher-
order components showed increasingly weak and less coherent spatial fluctuations. Thus,
the identification of modes 6-8 reflects both their position within the lower-energy part of
the POD spectrum and their temporal and spatial correspondence with the wildfire event.

Another important point to be considered is that, although in our analysis the modes
from 6th to 8th always show the signature of the fire, this is not necessarily the general case.
Further analyses conducted on other case studies (with some of them shown below) show
that the most meaningful modes can be different from the range 6-8. Again, what matters
in fire detection is the presence of peaks in both the coefficient, at a given time, and in the
eigenfunction, corresponding to the position of the fire. Everything else (order of POD
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modes, energetic content of the eigenvalues, and so on) is less significant in establishing
the time and position of the fire.

The 15 x 15 pixel extraction, shown in Figure 4, provided the clearest and most
distinguishable fire signature. The plot of the coefficient in time exhibits a very clear
positive peak corresponding to time 07:45 (marked in the plots with the dashed vertical
line) and the contour plots of the corresponding eigenfunctions show a clear positive (in red
color) peak in the middle of the spatial domain. However, the thermal anomaly revealed
by the peak in the eigenfunction ¢%(x,y) is more localized for modes 6 and 8 than for
mode 7, for which it is spatially smoother and more distributed over the surrounding
area. In addition to the fire-related peak, the temporal coefficients exhibit large fluctuations
between approximately 18:00 and 23:00. These variations are attributed to the presence
and movement of clouds over the study area, which introduces strong transient thermal
variations that are captured by the POD decomposition but are unrelated to wildfire activity.
In fact, what actually distinguishes the presence of a fire in the analysis is not the presence
of a peak in the coefficients itself, but the contemporary presence of a peak in both the
coefficient and eigenfunction; the two peaks must have the same sign in order for the
final temperature at the point of the fire—that is, the product of two quantities—to have
a maximum. In Figure 5, we validate this hypothesis by showing the total temperature
field observed in an area around the fire at the times corresponding to the additional peaks
observed in the coefficients. There is a clearly visible presence of clouds in the area, which
lowers (instead of producing a maximum of) the temperature of the area surrounding
the fire. Although the combined analysis of the POD temporal coefficients and spatial
eigenfunctions allows cloud-induced perturbations to be distinguished from localized
fire-related anomalies, some more information from additional SEVIRI spectral channels
could be useful to identify and mask cloudy pixels before the POD analysis, thereby
reducing cloud-related variability and the potential occurrence of false-positive detections.
Furthermore, though the temporal coefficients still exhibited clear fluctuations near the
time of fire occurrence, the spatial patterns indicated partial spreading of fire-related energy
into neighboring regions.

The larger extraction windows of 30 x 30 and 45 x 45 pixels further increased spatial
smoothing effects, as shown in Figures 6 and 7. In these cases, the POD modes captured
broader regional variability, while the localized fire signatures became less concentrated.
The temporal coefficients continued to show anomaly peaks during the fire period, par-
ticularly in the 6th and 7th modes, but the spatial eigenfunctions indicated a reduction in
spatial sharpness due to the inclusion of large non-fire background areas. This behavior
suggests that excessively large extraction windows may dilute the fire signal and reduce
localization capability.

Overall, the analysis demonstrates that higher-order POD modes are more effective
for wildfire detection because they suppress dominant background contributions and
enhance localized transient thermal anomalies associated with active fires. Among the
tested extraction sizes, the 15 x 15 pixel window provided the most suitable compromise
between signal enhancement, spatial localization, and noise reduction. The results also
confirm strong consistency between POD-derived anomalies and the fire occurrence times
independently identified by the RST-FIRES methodology.
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Figure 4. Temporal coefficients () and spatial eigenfunctions corresponding to the 6th, 7th, and 8th
POD modes for the 15 x 15 pixel extraction window. Fire-related anomalies remain detectable in
the temporal coefficients around the wildfire occurrence times; however, the spatial eigenfunctions
exhibit smoother and more spatially distributed patterns, indicating partial spreading of the fire
signal into the surrounding background regions.

To assess whether the POD behavior observed for the primary case was reproducible
for independent wildfire events, the analysis was extended to the Viggianello-Abate and
Pazzano-Montestella fires. Figures 811 refer to the Viggianello-Abate case study, while
Figures 12-15 refer to the Pazzano-Montestella case.

For the Viggianello-Abate event in Figure 9, which refers to the 15 x 15 window
size, the POD coefficients showed distinct temporal perturbations in the intermediate-
order modes around the independently identified fire period. The corresponding spatial
eigenfunctions also exhibited localized structures within the analysis domain. In particular,
the behavior of the 6th and 7th modes demonstrates that the fire-related thermal variability
is transferred from the dominant low-order background modes into intermediate modes
where localized transient variability becomes more apparent. The response is not identical
among the 6th, 7th, and 8th modes, indicating that the POD order associated with the
clearest wildfire signature may vary between individual events.
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(a) 18:15 (b) 20:15 (c) 22:15

Figure 5. Evolution of the brightness temperature field over the study area at (a) 18:15, (b) 20:15,
and (c) 22:15. The red rectangle indicates the 15 x 15 pixel region centered on the fire location and
used for the POD analysis. The temporal evolution illustrates the movement of cloud structures
across the study area, which produces transient variations in the POD temporal coefficients but does
not correspond to a thermal maximum at the fire location.

Figure 6. Temporal coefficients a; () and spatial eigenfunctions corresponding to the 6th, 7th, and 8th
POD modes for the 30 x 30 pixel extraction window. The temporal coefficients continue to capture
significant perturbations associated with wildfire activity, although the spatial eigenfunctions become
increasingly influenced by broader regional variability. The larger extraction window introduces
stronger spatial smoothing effects, reducing the sharpness of localized fire signatures.
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Figure 7. Temporal coefficients a; () and spatial eigenfunctions corresponding to the 6th, 7th, and 8th
POD modes for the 45 x 45 pixel extraction window. While wildfire-induced anomalies are still
observable in the higher-order temporal coefficients, the spatial eigenfunctions are dominated by
large-scale background variability due to extensive spatial coverage. This behavior demonstrates
that excessively large extraction windows may dilute localized thermal anomalies and decrease fire
localization capability.

At the same time, for the Viggianello-Abate event, for window sizes of 3 x 3 and
45 x 45 (see Figures 8 and 11), there is no clear indication of a corresponding maximum or
minimum in both the coefficients and eigenfunctions in all cases. This means, according to
our criterion, that no detection of fire is possible with this method. However, in Figure 10,
which refers to the case of a window size of 30 x 30, the fire detection is shown by the
contemporary presence of peaks in both the coefficients and eigenfunctions for the POD
mode n = 8. However, it should be noted that this is not in contrast with our statement:
there is nothing preventing the possibility of fire detection with a different window size at
15 x 15 pixels. Simply, for all the cases studied until now, we found that the 15 x 15 window
size yields the best results in terms of fire detection, while there is no special reason for
which other window resolutions (as well as other POD modes with n > 1) cannot show the
presence of fire.
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Figure 8. Temporal POD coefficients a;(t) (left panels) and corresponding spatial eigenfunctions
¢ (x,y) (right panels) for the 6th, 7th, and 8th modes obtained using the 3 x 3 pixel extraction window
for the Viggianello-Abate wildfire event. The dashed vertical line indicates the independently
identified wildfire occurrence time.

The Pazzano-Montestella event provides an additional illustration of this mode de-
pendence in Figure 13. In this case, the 6th POD mode exhibits the clearest correspondence
with the target wildfire, characterized by a pronounced temporal perturbation close to the
independently identified occurrence time together with a spatially concentrated eigenfunc-
tion structure. This simultaneous temporal and spatial localization supports the attribution
of the mode-6 perturbation to the Pazzano-Montestella thermal anomaly.

The 7th mode displays a different spatially localized structure that is not coincidental
with the principal Pazzano-Montestella signature. Comparison with the available informa-
tion for fires occurring during the same observation period indicates that this secondary
feature is associated with the separate Placanica—Serre event. This result is noteworthy
because POD is not constrained to represent only the target wildfire: when more than one
sufficiently strong transient thermal anomaly occurs within the analyzed spatio-temporal
field, their contributions may be distributed among different orthogonal modes. Conse-
quently, the physical interpretation of individual POD modes should consider both the
temporal coefficients and the spatial localization of the associated eigenfunctions.
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Figure 9. Temporal POD coefficients ai(t) (left panels) and corresponding spatial eigenfunctions
¢ (x,y) (right panels) for the 6th, 7th, and 8th modes obtained using the 15 x 15 pixel extraction win-
dow for the Viggianello-Abate wildfire event. The dashed vertical line indicates the independently
identified wildfire occurrence time. The temporal coefficients show mode-dependent perturbations
around the fire period, while the corresponding spatial eigenfunctions indicate the spatial organi-
zation of the thermal fluctuations within the extraction domain. The color bars represent the signed
amplitude of the POD spatial eigenfunctions and do not correspond directly to brightness temperature.

In this case, in contrast with the Viggianello-Abate case , for all the resolutions—3 x 3
(Figure 12), 30 x 30 (Figure 14) and 45 x 45 (Figure 15)—there is no clear indication of the
presence of fire in the sense that even when there is a peak in the coefficient of some mode,
like in the case of mode n = 8 for the window size of 30 x 30, there is no corresponding
peak into the contour plot of the eigenfunction.

Taken together with the primary wildfire analysis, the two additional cases indicate
that wildfire-related thermal perturbations can consistently emerge within intermediate
POD modes when the 15 x 15 pixel analysis domain is used. However, the mode containing
the clearest fire signature is not necessarily identical for every event. The results therefore
support the use of a range of intermediate modes rather than the assumption that a sin-
gle fixed POD order will universally represent wildfire activity. Likewise, the additional
cases strengthen the evidence that the 15 x 15 pixel configuration is suitable for the events
examined here, while not establishing this window as universally optimal for all wildfire,
surface, or atmospheric conditions. These findings indicate that POD analysis can effec-
tively complement multi-temporal wildfire detection approaches using MSG-SEVIRI data,
particularly when appropriate spatial extraction scales are employed.
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Figure 10. Temporal POD coefficients a;(t) (left panels) and corresponding spatial eigenfunctions
¢x(x,y) (right panels) for the 6th, 7th, and 8th modes obtained using the 30 x 30 pixel extraction
window for the Viggianello-Abate wildfire event. The dashed vertical line indicates the independently
identified wildfire occurrence time.

Figure 11. Cont.
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Figure 11. Temporal POD coefficients ai(t) (left panels) and corresponding spatial eigenfunctions
¢x(x,y) (right panels) for the 6th, 7th, and 8th modes obtained using the 45 x 45 pixel extraction
window for the Viggianello-Abate wildfire event. The dashed vertical line indicates the independently
identified wildfire occurrence time.

Figure 12. Cont.
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Figure 12. Temporal POD coefficients ai(t) (left panels) and corresponding spatial eigenfunctions
¢x(x,y) (right panels) for the 6th, 7th, and 8th modes obtained using the 3 x 3 pixel extraction window
for the Pazzano-Montestella wildfire event. The dashed vertical line indicates the independently
identified occurrence time of the Pazzano-Montestella fire.

Figure 13. Temporal POD coefficients a;(t) (left panels) and corresponding spatial eigenfunctions
¢r(x,y) (right panels) for the 6th, 7th, and 8th modes obtained using the 15 x 15 pixel extraction
window for the Pazzano-Montestella wildfire event. The dashed vertical line indicates the inde-
pendently identified occurrence time of the Pazzano-Montestella fire. A pronounced temporal
perturbation and a spatially localized eigenfunction structure are evident in the 6th mode around
the target fire period. The 7th mode contains a spatially distinct anomaly interpreted in association
with the separate Placanica-Serre fire occurring during the same observation period. The color bars
represent the signed amplitude of the POD spatial eigenfunctions and do not correspond directly to
brightness temperature.
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Figure 14. Temporal POD coefficients a;(t) (left panels) and corresponding spatial eigenfunctions
¢ (x,y) (right panels) for the 6th, 7th, and 8th modes obtained using the 30 x 30 pixel extraction win-
dow for the Pazzano-Montestella wildfire event. The dashed vertical line indicates the independently
identified occurrence time of the Pazzano-Montestella fire.

Figure 15. Cont.
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Figure 15. Temporal POD coefficients ai(t) (left panels) and corresponding spatial eigenfunctions
¢x(x,y) (right panels) for the 6th, 7th, and 8th modes obtained using the 45 x 45 pixel extraction win-
dow for the Pazzano-Montestella wildfire event. The dashed vertical line indicates the independently
identified occurrence time of the Pazzano-Montestella fire.

4. Conclusions

This study investigated the capability of Proper Orthogonal Decomposition (POD)
to detect and characterize wildfire-induced thermal anomalies in MSG-SEVIRI Middle
Infrared observations and assessed the influence of different spatial extraction window
sizes on detection performance. The results demonstrated that higher-order POD modes
effectively isolate localized thermal anomalies associated with active fires by suppressing
dominant background variability related to diurnal heating and large-scale environmen-
tal conditions.

A systematic comparison of four extraction windows (3 x 3, 15 x 15, 30 x 30,
and 45 x 45 pixels) revealed a strong dependence of wildfire characterization on the se-
lected spatial scale. The smallest window preserved spatial detail but exhibited increased
noise and reduced robustness, while larger windows introduced substantial spatial smooth-
ing and incorporated broader background variability, leading to a loss of fire localization
capability. Among the tested configurations, the 15 x 15 pixel extraction window provided
the best compromise between signal enhancement, noise reduction, and accurate spatial
representation of wildfire activity.

As previously specified, the size of the window of pixels is not sufficient alone to
determine the effectiveness of the method, in the sense that the spatial resolution of the
single pixel is also relevant for the fire identification. However, for all the cases studied
in this work, the resolution was always the one characteristic of SEVIRI. Therefore, it is
not necessary to specify it. However, if the dataset involved also data from other satellites,
the results could be different.

The temporal coefficients associated with the 6th, 7th, and 8th POD modes showed
clear perturbations during the wildfire event and were consistent with fire occurrence times
independently identified by the RST-FIRES algorithm. These results confirm that POD
can effectively enhance wildfire-related signals in geostationary satellite observations and
provide valuable information for operational fire monitoring systems.

One peculiar characteristic of the method is that it does not require any special hy-
pothesis on the behavior of the dataset on the boundaries. This means that even a large
area of pixels can be partitioned into sub-windows of size 15 x 15 (the best window size,
according to the results obtained so far) and analyzed independently from the other. A peak
in the coefficients and eigenfunctions in any sub-window corresponds to fire detection.
This suggests the idea that the method could perhaps be used as a nowcasting tool for fires
to detect the presence of a fire by analyzing a dataset of 24 h before the current time in any
sub-window. However, this possibility cannot be stated by the simple analysis presented
here and requires a much deeper exploration for confirmation. Further investigations of
this possibility are in progress and will be the subject of a forthcoming paper.
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Future work should extend the analysis to a larger number of wildfire events and dif-
ferent environmental conditions, and it should exploit additional SEVIRI spectral channels
to implement cloud screening and reduce cloud-related false-positive detections. Further-
more, integrating POD with established wildfire detection algorithms and machine learning
approaches may further improve the accuracy, robustness, and operational applicability of
satellite-based wildfire monitoring systems.
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