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ABSTRACT

Reducing methane emissions is essential to tackle climate
change. Here, we address the problem of detecting auto-
matically point source methane leaks using high resolution
hyperspectral images from the PRISMA satellite. We propose
an improvement of the classical matched filter method by us-
ing an adjustment coefficient. We introduce this new method
under the name: Model Adjusted Matched Filter (MAMF).
We show that the MAMF method reduces the fraction of
false detections compared to the Matched Filter (MF) and
the Adaptive Cosine Estimator (ACE) without preventing the
detection of plumes. To validate the method, we use a dataset
of manually annotated plumes on PRISMA images. We then
show that our method outperforms the matched filter and the
adaptive cosine estimator in terms of F1 score.

Index Terms— Hyperspectral images, Mahalanobis dis-
tance, Prisma, Methane, Anomaly detection

1. INTRODUCTION

In order to detect greenhouse gas fossil fuel emissions from
human activities, several satellites have been placed in or-
bit around the Earth over the past ten years. Here, we fo-
cus on PRISMA [1] (PRecursore IperSpettrale della Missione
Applicativa), a satellite of the new generation of hyperspec-
tral imagers launched in 2019 by the Italian Space Agency.
PRISMA provides hyperspectral images with a high spatial
resolution (30m) and a swath of 30 km. Each pixel contains
a spectrum with 237 channels between 400nm and 2500nm.
We will exploit the two absorption bands of methane present
in this wavelength range: the first around 1700nm and the
second around 2300nm.

Several methods for the detection of point source methane
emissions on PRISMA already exist. One of the most popu-
lar approach for this task is the matched filter algorithm [2].
Here we propose an improvement of the matched filter we
call Model Adjusted Matched Filter. Our method improves
the matched filter by adding an adjustment coefficient. The
adjustment coefficient aims at reducing the number of false
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Fig. 1. Comparison between the MF on the left and the MAMF on
the right. The MF and MAMF are computed over the same PRISMA
image taken in Algeria (08/31/2020).

positives compared to what can be observed with the matched
filter or the adaptive cosine estimator.

To validate the method, we evaluate our approach on
manually-annotated plumes detected in PRISMA satellite
images. We also compare our results to the matched filter [2],
which is one of the most popular approach for methane plume
detection on PRISMA. We then show that our method outper-
forms the matched filter and the adaptive cosine estimator [3]
based on a comparison of the F1 score.

2. RELATED WORK

In the recent years, multiple approaches have been devel-
oped to detect and to quantify methane plumes in satellite
images: the inversion of detailed atmospheric absorption
models, hyperspectral detection algorithms with in partic-
ular the matched filter and finally deep learning for plume
segmentation.

Regarding hyperspectral imagers, our main focus here,
two main techniques have been applied to detect methane
plumes, both aiming at the quantification of the methane con-
centrations in the observed area.

The first is the iterative maximum a posteriori applied to
differential optical absorption spectroscopy (IMAP-DOAS) [4].



This method consists in inverting a complete atmospheric ab-
sorption model with an optimal estimation algorithm. It is
already used to quantify methane with many hyperspectral
instruments [5, 6]. IMAP-DOAS works with sensors that
have very different spectral and spatial resolutions, such as
AVIRIS [7] and TROPOMI [6]. In the case of TROPOMI, the
implementation is based on the work presented in [8] and [9].
The modeling is extremely precise: the atmosphere is di-
vided into several layers to take into account the variations
in pressure and temperature that modify the gas absorption
coefficients. This model considers not only the absorption
of gases but also the absorption and diffusion of aerosols
[10] (solid or liquid particles in a gaseous medium) and the
back-scattering of the atmosphere.

The second technique is the matched filter [11, 2]. The
matched filter is a linear filter that quantifies the presence of
an anomaly whose spectral signature is known. The matched
filter allows to compute the excess methane concentration
with more computational efficiency than the IMAP-DOAS
method. However, it only retrieves the concentration of
methane whereas the IMAP-DOAS retrieves the concentra-
tion of all gases. Several matched filter variations exist [3].
One used for methane plume detection is the Cluster-Tuned
Matched Filter (CTMF) [12]. The idea proposed by [12] is
to use a modified version of a k-means clustering prior to the
matched filter. Spatial clustering allows to obtain results over
very large areas without the risk of confusing anomalies due
to CH4 with those due to other gases.

A more recent category of methods for methane plume de-
tection comes from deep learning techniques. The use of deep
learning generally involves plume simulation to compensate
for the small number of detected plumes in current datasets.
For the moment, these methods are only applied to hyperspec-
tral sensors such as PRISMA [13, 14] and TROPOMI [15].
But it is reasonable to expect that in the future these methods
will be applied to other hyperspectral sensors. Indeed, recent
hyperspectral imagers such as EnMap [16] or EMIT [17] have
characteristics which are very close to those of PRISMA. The
methods developed on PRISMA can therefore also be applied
to these imagers.

3. MATERIALS

We use the level 1 images from the PRISMA satellite. Those
images are hyperspectral images with a 30m spatial resolu-
tion and contain a spectrum for each pixel with 237 channels
between 400nm and 2500nm. Here we are interested in the
SWIR region of the spectrum containing 171 channels with a
spectral interval of 920− 2505nm. Because we are interested
here in the detection of methane plumes, we only use channels
where methane actually absorbs radiation, i.e. at the peaks of
the absorption spectrum. In practice, we use the channels in
the 1550− 1800nm and 2100− 2480nm regions of the spec-
trum. In the SWIR spectrum, the spectral resolution varies

between 9nm and 15nm.
We also use a detailed CH4 absorption spectrum taken

from the HITRAN spectral database [18]. The CH4 spectrum
varies depending on pressure and temperature. However, here
we are only interested in the CH4 spectrum within the bottom
layers of the atmosphere (below 1,500 meters above ground).
This is because we want to detect CH4 shortly after being
emitted, before it rises and dilutes. Spectrum variations are
small in the near-surface atmospheric layers so we selected
the CH4 spectrum at 15◦C and 1 atm to represent near-surface
atmospheric conditions.

4. METHOD

4.1. Matched Filter and Mahalanobis distance

One of the most popular methods for detecting methane
plumes in hyperspectral images is the matched filter [2]. The
matched filter is derived by linearizing an absorption model
and then calculating a likelihood ratio between the distribu-
tion of a pixel belonging to a plume and the distribution of
the background.

Let x be a background observation that follows a multi-
variate normal distribution with mean µ and covariance ma-
trix Σ. If xplume is an observation in a methane plume, then
according to Beer’s law we can write

xplume = exp(−αKCH4)x, (1)

where α is proportional to the methane density variation in
the plume and KCH4 is the diagonal matrix whose coefficients
are the ones of the methane absorption spectrum. With these
notations, the matched filter detector DMF is then defined as

DMF (x) =
tTΣ−1(x− µ)

tTΣ−1t
, (2)

where t is the target vector is defined by [11, 2] as

t = −KCH4µ. (3)

The parameters µ and Σ are computed with their empir-
ical estimates. To take into account the different radiometric
responses of the detector elements of the PRISMA sensor, the
parameters need to be computed across-track [2]. This means
that a different set of parameters is computed for each line of
a PRISMA image. This helps to eliminate horizontal artifacts
that often appear due to hyperspectral striping [2, 19].

The main drawback of the matched filter is its high false
positive rate. The matched filter can detect anomalies that are
not in the direction of the target vector if there are outliers.
For example, an observation with a high norm leads to a high
value for the matched filter. False positives also happen for
regions with a very low albedo, such as buildings, roads or
water bodies. To avoid false positives, one can use the Adap-
tive Cosine Estimator (ACE)[3]. The ACE does not depend



on the norm of x but only on the angle between the observa-
tion and the target, therefore it will penalize the score of these
outliers. The ACE is defined by

DACE(x) =
DMF (x)

MD(x)
, (4)

where MD is the Mahalanobis distance:

MD(x) =
√
(x− µ)TΣ−1(x− µ). (5)

The Mahalanobis distance represents the distance between the
observation and the background distribution.

4.2. The Model Adjusted Matched Filter

While the ACE detector can help with false positives, it still
has a main drawback: observations in a plume can have a high
Mahalanobis distance which leads to a low value for DACE .
Indeed, observations inside a plume are outliers with respect
to the background distribution. Therefore, the use of MD(x)
in DACE(x) can prevent the detection of plumes.

To solve this issue we introduce a model adjustment coef-
ficient to replace MD(x). We define it as

DMA(x) = MD(x−DMF (x)t)
2

= (x− µ−DMF (x)t)
TΣ−1(x− µ−DMF (x)t).

(6)
With DMA(x), for each observation x we remove the es-

timated methane excess DMF (x). Thus, plume pixels will
not be outliers when computing the Mahalanobis distance be-
tween the corrected observation and the background distribu-
tion. In the case of outliers, their anomaly does not perfectly
align with the target vector. Therefore, even when compen-
sated by the estimated methane excess those observations will
remain outliers and have a high Mahalanobis distance.

We then use DMA(x) to replace MD(x). We call this
new detector the Model Adjusted Matched Filter (MAMF)

DMAMF (x) =
DMF (x)

DMA(x)q
. (7)

The exponent q controls the strength of the adjustment. We
used simulations to determine the value of q and the detection
threshold. Plumes were simulated on PRISMA images using
a radiative transfer model and the HITRAN database [18]. In
the following, we use the estimated optimal value q = 0.66.

5. EXPERIMENTS AND RESULTS

In Figure 1 we can compare the results of the MF and MAMF.
In both images we can clearly see the plume which stands out
in the center. With the MF the background has lower values
than with the MAMF where the background seems to have
more noise. However, in both cases, the background val-
ues are too low to prevent the detection. Moreover, with the
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Fig. 2. Comparison between the Matched Filter and the Model Ad-
justed Matched Filter (MAMF). The tested methane plume is in the
USA.

MAMF, the part of the plume with a high contrast is larger
than in the MF image. Therefore, performing the detection
with the MAMF will allow to detect a larger part of the plume.

The example presented in Figure 2 presents more chal-
lenges for the detection as we can observe lots of potential
false positives in the MF image. Most of them are roads and
buildings. They are still visible in the MAMF image but with
a way lower contrast. For example, the false positive on the
top right corner has higher values than most of the plume
pixels in the MF image but this is no longer the case in the
MAMF image. In the same way there are two bright false
positives around the middle of the MF image but they are
nearly blended in the background in the MAMF image. The
plume contrast with respect to the background is also higher
with the MAMF than with the MF. Therefore, for this image
we need to use the MAMF to perform the plume detection
without false positives.

Another way to compare the matched filter and the
MAMF is to look at the distribution of plume and non-plume
pixels along the axis defined by DMF and DMA. We can
observe this distribution in Figure 3. Using the matched filter
means that we would have to separate the plume and non-
plume distributions using only the vertical axis in Figure 3.
However, lots of non-plume pixels have value comparable
with plume pixels. The improvement brought by our model
adjustment coefficient DMA is that a significant proportion of
non-plume pixels with high DMF (x) values also have a high
DMA(x) score. This fact makes it easier to separate the two
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Fig. 3. Scatter plot comparing the distribution of plume and non
plume pixels with respect to their matched filter and model adjust-
ment scores.

distributions by looking at the data in the two dimensional
space, which means using the MAMF.
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Fig. 4. Scatter plot comparing the distribution of plume and non
plume pixels with respect to their matched filter scores and Maha-
lanobis distances.

In Figure 4, we can observe the same data as in Figure 3
but with MD(x) for the horizontal axis instead of DMA(x).
Figure 4 is the visual representation corresponding to the use
of ACE. We can observe that unlike Figure 3, a large part
of plume pixels have high MD(x) scores. Moreover, lots
of non-plume pixels have higher DMF (x) scores and lower
MD(x) scores than plume pixels. This makes it hard to sep-
arate the two distributions in Figure 4. This explains why we
expect worse results with ACE than with the MAMF.

The improvements brought by the MAMF can be seen nu-
merically by looking at Table 1. All methods were tested with
automatic detection without manual correction. The ground

Recall Precision F1

MF [2] 0.27 0.32 0.29
ACE [3] 0.24 0.37 0.29
MAMF (ours) 0.39 0.56 0.46

Table 1. Detection result of the different methods on our PRISMA
plume dataset. Our dataset contains 80 plumes. The detection met-
rics are computed per plume.

truth images have been manually labeled. In particular, the
dataset used here includes the images of the dataset proposed
by [13]. Detection thresholds were calculated to maximize
the F1 score. In Table 1, we can observe that the MF and
ACE give very similar results. The ACE has a higher pre-
cision than the MF but this is counterbalanced by the higher
recall of the MF. Our method, the MAMF, outperforms both
the MF and ACE in recall and in precision. The most signifi-
cant gain brought by our method is the gain in precision. This
could be expected because the idea behind the model adjust-
ment was to reduce the number of false positives.

6. CONCLUSION

We have introduced the MAMF, a methane plume detec-
tion method based on a variant of the matched filter. It
outperforms pre-existing methods both in terms of recall
and precision. While the algorithm presented here has been
tested on PRISMA satellite images, since the characteristics
of PRISMA are very close to those of other hyperspectral
instruments such as EnMap or EMIT, it should be possible to
extend the use of the MAMF to these instruments as well.
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