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Abstract Quantifying sulfur dioxide (SO2) in volcanic
plumes is important for eruption predictions and public health.
Ground-based remote sensing of spectral radiance of plumes
contains information on the path-concentration of SO2.
However, reliable inversion algorithms are needed to convert
plume spectral radiance measurements into SO2 path-concen-
trations. Various techniques have been used for this purpose.
Recent approaches have employed thermal infrared (TIR) im-
aging between 8 μm and 14 μm to provide two-dimensional
mapping of plume SO2 path-concentration, using what might
be described as Bdual-view^ techniques. In this case, the radi-
ance (or its surrogate brightness temperature) is computed for
portions of the image that correspond to the plume and com-
pared with spectral radiance obtained for adjacent regions of
the image that do not (i.e., Bclear sky^). In this way, the con-
tribution that the plume makes to the measured radiance can
be isolated from the background atmospheric contribution,
this residual signal being converted to an estimate of gas
path-concentration via radiative transfer modeling. These
dual-view approaches suffer from several issues, mainly the

assumption of clear sky background conditions. At this time,
the various inversion algorithms remain poorly validated. This
paper makes two contributions. Firstly, it validates the afore-
mentioned dual-view approaches, using hyperspectral TIR
imaging data. Secondly, it introduces a new method to derive
SO2 path-concentrations, which allows for single point SO2

path-concentration retrievals, suitable for hyperspectral imag-
ing with clear or cloudy background conditions. The SO2

amenable lookup table algorithm (SO2–ALTA) uses the
MODTRAN5 radiative transfer model to compute radiance
for a variety (millions) of plume and atmospheric conditions.
Rather than searching this lookup table to find the best fit for
each measured spectrum, the lookup table was used to train a
partial least square regression (PLSR) model. The coefficients
of this model are used to invert measured radiance spectra to
path-concentration on a pixel-by-pixel basis. In order to vali-
date the algorithms, TIR hyperspectral measurements were
carried out by measuring sky radiance when looking through
gas cells filled with known amounts of SO2. SO2–ALTAwas
also tested on retrieving SO2 path-concentrations from the
Kīlauea volcano, Hawai’i. For cloud-free conditions, all three
techniques worked well. In cases where background clouds
were present, then only SO2–ALTA was found to provide
good results, but only under low atmospheric water vapor
column amounts.
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Introduction

Detecting volcanic emissions of SO2 and related acidic
aerosols is important for volcanic eruption prediction and
public health (EPA 2011). SO2 reacts chemically with
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sunlight, dust particles, oxygen, and water to form sulfate
aerosols, which can threaten public health, be harmful to
animals and plants, and damaging to infrastructures (e.g.,
Baxter 1999; Schmidt 2014; Zuccaro et al. 2014). Volcanic
degassing also provides information on magma flow with-
in a volcanic system (e.g., Aiuppa et al. 2007; Anderson
and Segall 2013; Gabrieli et al. 2015), eruption rates
(Allard et al. 1994), and hence, mass balance (e.g., Allard
et al. 2014). For these reasons, it is important to measure
gaseous emissions from volcanic plumes.

Classically, SO2 path-concentrations have been mea-
sured using passive spectroscopic approaches. Various sen-
sors have been used to perform point measurements and
quantify volcanic SO2 by measuring its absorption features
in the ultraviolet (UV) part of the electromagnetic spec-
trum (e.g., Moffat and Millan 1971; Stoiber and Jepsen
1973; Stoiber et al. 1983). UV imaging has recently been
performed at active volcanoes (e.g., Bluth et al. 2007; Mori
and Burton 2009; Kern et al. 2013). Such imaging can
provide valuable synoptic views of the spatial distributions
of SO2 from which fluxes can be derived (e.g., Bluth et al.
2007). A limitation, however, is that these UV techniques,
both imaging and non-imaging, can only be used for SO2

retrievals and only work during the daytime, not at night.
Open-path fourier transform infrared (FTIR) spectroscopy
can be employed for retrieving various gas path-
concentrations (SO2, CO2, H2O, and SiF4) both during
the day and night (Love et al. 1998; Francis et al. 1998;
Oppenheimer et al. 1998; Goff et al. 2001; Oppenheimer
et al. 2006; La Spina et al. 2015). Despite the high spectral
resolution and the possibility of multiple gas retrievals,
FTIR is still mostly based on point measurements.
Recently, both low spectral resolution and hyperspectral
thermal imaging have been performed, respectively by
Prata and Bernardo (2014) and by Gabrieli et al. (2016).

Ground-based thermal infrared (TIR) remote sensing re-
trievals of SO2 path-concentrations are complicated by the
fact that both emission and absorption occur from and
within the plume, the background, and the foreground at-
mosphere (Collins et al. 2002). For these reasons, environ-
mental conditions strongly affect TIR SO2 gas retrievals,
making the retrieval process complex (Realmuto and
Worden 2000, Prata and Bernardo 2014). In short, the
TIR spectral radiance measured by an imaging system is
the convolution of (1) the spectral radiance emitted by the
atmosphere behind the plume, (2) the portion of this which
is transmitted through the plume (i.e., not absorbed by
gases in the plume including, but not limited to, SO2), (3)
the spectral radiance emitted by the plume itself by virtue
of its temperature and its emissivity, and (4) how this
plume radiance is then attenuated by the atmosphere that
lies between the plume and the sensor; this atmosphere also
emits spectral radiance to the sensor. Radiative transfer

modeling can then be used to convert the measured spec-
tral radiance to an estimate of gas path-concentration for
each pixel in the image. Thus, there are many sources of
potential uncertainty in SO2 retrieval procedures, so that
error is usually quite significant, typically being plus or
minus 20% (e.g., Prata and Bernardo 2014). Hence careful
validation is required and uncertainties have to be assessed,
as approaches are in continual need of refinement and up-
date as technology and capability develop. This is the aim
of this paper.

The dual-view approach

Recent approaches have employed TIR imaging between
8 μm and 14 μm to provide two-dimensional mapping of
plume SO2 path-concentration, using what might be de-
scribed as Bdual-view^ techniques. In this case, measured
radiance or its surrogate brightness temperature are com-
puted for portions of the image that correspond to the
plume and compared with spectral radiance obtained for
adjacent regions of the image that do not (i.e., Bclear sky^).
In this way, the contribution that the plume makes to the
measured radiance can be isolated from the background
atmospheric contribution, this residual signal being con-
verted to an estimate of gas path-concentration via radia-
tive transfer modeling.

Prata and Bernardo (2014) developed a dual-view algo-
rithm to retrieve SO2 path-concentrations. Their approach
employs brightness temperature differences, from the
plume and the background, at three TIR wavelengths (8.6
μm, 10 μm, and 12 μm) which are incorporated into a
modified Schwarzschild radiative transfer equation. Prata
and Bernardo selected the three wavelengths to account for
the SO2 absorption/emission feature at 8.6 μm, the temper-
ature of the plume, the atmospheric background, and
instrumental effects. Their method has been tested at
various volcanoes and at industrial sites for clear sky
conditions. Clouds were flagged as bad data points.
Gabrieli et al. (2016) also implemented a dual-view SO2

retrieval approach using radiance measurements from the
plume and the background. Their approach employs radi-
ance differences, from the plume and the background at ~
50 spectral measurements between 8 μm and 14 μm, car-
ried out with a TIR hyperspectral imaging sensor. To de-
rive SO2 path-concentrations, MODTRAN5 was run itera-
tively, for different plume conditions, to obtain the best fit
between the spectral radiance measurements and the
MODTRAN5 simulations. MODTRAN5 was selected for
this purpose because it is one of the most frequently
employed and well validated atmospheric modeling codes
(Berk et al. 2008; Cramer et al. 2015). Gabrieli et al. (2016)
tested this dual-view approach by deriving SO2 path-
concentrations in the volcanic plume rising from the
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Halema’uma’u crater on the summit of Kīlauea volcano,
Hawai’i. Only cloud-free conditions were tested. While
Prata and Bernardo (2014) and Gabrieli et al. (2016) are im-
plemented differently, the fact that they both use dual-view
measurements suggests that they will perform similarly.

Dual-view approaches are limited by the presence of
clouds and absorption and emission between the sensor
and the plume. The process of comparing regions in and
out of the plume assumes the background sky is homoge-
neous. In Prata and Bernardo (2014), clouds were flagged
as bad data points. In Gabrieli et al. (2016), the dual-view
approach was only tested under clear sky conditions.
Unfortunately, sub-visual cirrus clouds, which are defined
as those cloudy layers whose optical thickness is less than
0.3, are often present and difficult to detect (Sun et al.
2011). An additional problem with dual-view approaches
is the fact that they do not properly account for the effect
that the intervening atmosphere (between the plume and
the sensor) has on the SO2 emission/absorption spectral
feature at 8.6 μm. At this time, the dual-view approach,
as implemented by both Gabrieli et al. (2016) and by
Prata and Bernardo (2014), remain poorly validated.

The aims of this paper are twofold. Firstly, we validate
the accuracy and precision of the aforementioned dual-
view approaches under ideal (clear sky) conditions, using
gas cells containing known amounts of SO2 and we also
test the Gabrieli et al. (2016) approach under non-ideal
(cloudy sky) conditions. Secondly, we present an alterna-
tive approach for SO2 retrievals from hyperspectral TIR
image data that estimates SO2 path-concentrations on a
pixel-by-pixel basis, and demonstrate the performance of
that new approach under ideal and non-ideal observation
conditions.

The THI instrument

The Thermal Hyperspectral Imager (THI) (Wright et al.
2013; Gabrieli et al. 2016) was used for this validation
study. THI consists of a Sagnac interferometer and an un-
cooled microbolometer (a FLIR Photon 320) in rapid scan-
ning configuration to collect hyperspectral images (Lucey
et al. 2008). THI is capable of acquiring moderate spectral
resolution images (40 cm−1) from which SO2 emission and
absorption spectra can be retrieved. A spectrum containing
50 samples between 8 μm and 14 μm is available at each
pixel in the resulting image cube. Images are radiometri-
cally calibrated using two blackbodies at 20 and 70 °C and
spectrally calibrated with an IR lamp with a 9.75-μm-nar-
row band filter (Gabrieli et al. 2016).

The THI sensitivity in detecting SO2 was determined
using gas cells filled with known concentrations of SO2

and using National Institute of Standards and Technology
(NIST)-traceable blackbodies. Gabrieli et al. (2016) showed
that, under ideal observation conditions, at night with a
high elevation angle and strong temperature contrast be-
tween the temperature of the background and the gas,
THI can detect SO2 gas path-concentrations as low as
100 ppm-m. Figure 1 summarizes the sensitivity of the
THI instrument. Figure 1a shows the signal-to-noise ratio
(SNR) performance of THI, obtained for various blackbody
temperatures. Figure 1b shows the noise equivalent temper-
ature difference (NEΔT) of the spectral channels, a funda-
mental measure of the quality of the measurements. It can
be seen that the THI signal-to-noise ratio curves range from
200 to 1300 for temperatures between 0 and 100 °C. It can
also be seen that the instrument has relatively flat signal-to-
noise ratios between 10 μm and 12 μm and that the NEΔT

Fig. 1 a The signal-to-noise curves of the THI instrument for various background temperatures. b The NEΔTcurves of the THI instrument for various
background temperatures
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curves are about 0.025 °C at the same wavelengths. The
signal-to-noise ratios and the NEΔT curves respectively
decrease and increase dramatically towards 8 and 14 μm
due to the performance of the microbolometer camera.

Validation test

To validate the performance of the dual-view approaches, it
was necessary to simulate measurements that would be carried
out for a volcanic plume seen against the background sky in
the field. THI measurements of sky radiance were collected
using gas cells filled with known SO2 gas concentrations to
replicate a volcanic plume. The gas cells were 10 cm in length
and equipped with IR transparent zinc-selenide windows. The
distance between the aperture of THI and the gas cell was set
to 19.05 cm. Gas concentrations were chosen such that, when
combined with the 10 cm length of the cell, they contained
volcanically realistic SO2 path-concentrations (in ppm-m).
The gas cells were filled with gas concentrations equivalent
to 0 ppm-m, 1000 ppm-m, 2000 ppm-m, 3000 ppm-m, 4000
ppm-m, 5000 ppm-m, 6000 ppm-m, and 7000 ppm-m, repre-
sentative of volcanic plumes (Kern et al. 2012; Kern et al.
2013).

The experiments were conducted under different atmo-
spheric conditions where the Gabrieli et al. (2016) method
was tested for a clear sky (ideal) background and completely
cloudy (non-ideal) background. Although the Prata and
Bernardo (2014) and the Gabrieli et al. (2016) algorithms
are implemented differently, they both use dual-view mea-
surements. This suggests that their performance will be similar
under non-ideal conditions. Therefore, the cloud test carried
out for Gabrieli et al. (2016) is also representative of the Prata
and Bernardo (2014) approach. Figure 2 shows the experi-
mental setup with THI and the SO2 gas cells. Figure 2a shows
THI acquiring images of clear sky when viewed through the
SO2 gas cell on 07/12/2016. Figure 2b shows THI acquiring
images of a background composed of primarily altostratus
clouds and also patches of blue sky on 05/17/2016, 2016.
Figure 2c–e is raw THI images of the sky as seen through
the SO2 gas cell. They were obtained by subtracting the
8.6 μm channel from the 10 μm channel to highlight cloud
features in yellow. It can be seen that homogenous clear sky
appears in dark blue as seen in Fig. 2c, whereas clouds appear
in yellow as seen in Fig. 2d. Figure 2e shows an example of
partially cloudy sky, both clear sky (dark blue) and altostratus
and cumulus clouds (green and yellow) were present in the
field of view.

Measurements were collected at elevation angles of 20, 30,
and 40°. The field of view of THI is approximately 10° and this
was accounted for when applying the inversion algorithms.
Clear sky THI measurements were obtained over three morn-
ings between 07/10 and 07/12/2016. Measurements of cloudy

sky (altostratus and cumulus clouds) with high humidity con-
ditions were acquired on 10/19/2016, in the early morning.
Measurements of both clouds (cumulus clouds and altostratus)
and clear sky were obtained on 05/17/2016.

For this study, the two inversion algorithms were modified
to account for the gas cell configuration and the gas cells were
kept at constant temperature of 20 °C. The data were proc-
essed using the two dual-view inversion techniques: Gabrieli
et al., (2016) and Prata and Bernardo (2014). In this way, the
performance of the two approaches was compared and their
precision and accuracy were evaluated (i.e., how accurately
and precisely do they report the path-concentration of SO2

present in the gas cells?).

Testing SO2 plume inversions: dual-view approaches

Clear sky conditions

For the Gabrieli et al. (2016) approach, difference spectra
between gas-filled and air-filled cells were obtained for each
pixel in the images acquired under clear sky conditions.
MODTRAN5 was then used to invert these spectra to path-
concentrations, assuming the viewing geometries of the mea-
surements carried out here. Rather than using one of the stan-
dard atmospheres available in MODTRAN5, local Hawai’i
atmospheric soundings for the days of the measurements were
used via the University of Wyoming Upper Air Sounding
website (Upper Air Sounding 2016). For the Prata and
Bernardo (2014) analysis, brightness temperature differences
at three wavelengths (8.6 μm, 10 μm, and 12 μm) were used
to characterize the plume temperature, the atmospheric back-
ground, and the SO2 path-concentrations (Prata and Bernardo
2014). Figure 3 shows the average path-concentrations re-
trieved using the Gabrieli et al. (2016) and the Prata and
Bernardo (2014) approaches under clear sky conditions at
different elevation angles. The values were obtained by aver-
aging the retrieved SO2 at each pixel for each THI image.
Both approaches were found to perform well under clear sky
conditions. The coefficients of determination (R-squared) are
0.9924 and 0.9902, respectively for the Gabrieli et al. (2016)
and the Prata and Bernardo (2014) techniques.

Fully cloudy conditions

The Gabrieli et al. (2016) approach was used to process
the images. The cloud test carried out here is the repre-
sentative of both the Gabrieli et al. (2016) and the Prata
and Bernardo (2014) approaches. Very low temperature
contrast between the temperature of the sky and the tem-
perature of the gas was observed, under cloudy condi-
tions, and the algorithm performed very poorly at all of
the elevation angles. Figure 4 shows the average path-
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concentrations retrieved using the Gabrieli et al. (2016)
approach under cloudy conditions at a 40° elevation

angle. The values were obtained by averaging the re-
trieved SO2 at each pixel for each THI image. It appears

Fig. 3 a Average path-concentrations retrieved using the Gabrieli et al.
(2016) approach under clear sky background conditions at various eleva-
tion angles. b Average path-concentrations retrieved using the Prata and
Bernardo (2014) approach under the same conditions. The values were

obtained by averaging the retrieved SO2 at each pixel for each THI image.
Standard deviation bars are displayed as well as an ideal 1:1 black fit line.
Ideally, the data points should fall on the black line

Fig. 2 a THI acquiring images of clear sky when viewed through the
SO2 gas cell on 07/12/2016. b THI acquiring images of a background
composed of primarily altostratus clouds and also patches of blue sky on
05/17/2016. c–e Un-processed (raw) THI images of sky radiance obtain-
ed, when looking through the gas cell, by subtracting the 8.6 μm channel

from the 10 μm channel in order to highlight cloud features in yellow and
clear sky blue. c Raw THI image of clear sky obtained on 07/12/2016. d
Raw THI image of overcast sky obtained on 10/19/2016. e Raw THI
image of a mixture of cloud free and cloudy sky obtained on 05/17/2016
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that the inversion algorithm developed by Gabrieli et al.
(2016) performs very poorly when trying to retrieve SO2

path-concentrations under cloudy background conditions.
This cloud test illustrates how a dual-view inversion algo-
rithm, which was designed for clear sky conditions, per-
forms with a non-ideal cloudy background. This test sug-
gests that dual-view approaches cannot be employed un-
der cloudy background conditions.

Validation of dual-view approaches

The two dual-view approaches implemented by Gabrieli et al.
(2016) and Prata and Bernardo (2014) were tested using TIR
measurements when looking through SO2 gas cells filled with
known concentrations of SO2. The Gabrieli et al. (2016) and
Prata and Bernardo (2014) approaches were used to retrieve
the known path-concentrations in the cells. Both clear and
cloudy background conditions were tested.

It was shown that both approaches performed well in clear
sky conditions if the distance to the plume (i.e., the gas cell, in
this case) is known. Prata and Bernardo (2014) assume errors
of 20% when using their approach. This was confirmed by the
study carried out here. It was also found that the Gabrieli et al.
(2016) approach was more precise, but less accurate in retriev-
ing the known SO2 path-concentrations than the Prata and
Bernardo (2014) inversion procedure. In fact, it was found that
the retrieved averaged SO2 path-concentrations using the Prata
and Bernardo approach were 10–20% closer to the actual SO2

gas cell concentration than Gabrieli et al.’s method. However,

the uncertainties were 50–60% larger than those obtained
using Gabrieli et al.’s approach. When clouds were present in
the background, then dual-view approaches did not work.

This validation study showed that dual-view approaches
(Gabrieli et al. 2016; Prata and Bernardo 2014) can success-
fully be employed for SO2 path-concentration retrievals under
clear sky conditions. However, cloudy backgrounds drastical-
ly reduce performance and unfortunately, sub-visual cirrus
clouds are difficult to detect, but often present.

Single point SO2 inversion algorithms: SO2–ALTA

It would be ideal to have an SO2 retrieval algorithm that would
be accurate in both the presence of clear and cloudy back-
grounds. To meet this goal, a new approach was developed.
The SO2 amenable lookup table algorithm (SO2–ALTA) con-
sists of a new SO2 gas retrieval algorithm. SO2–ALTA is de-
signed for observations carried out at a single point with
cloud-free or cloudy backgrounds. SO2–ALTA is written in
Matlab and uses a Matlab Class Wrapper (Mod5.m), devel-
oped by Derek Griffith (Matlab File Exchange 2012), to call
MODTRAN5.

SO2–ALTA uses a library of calculated spectra, which were
obtained using MODTRAN5 (version 5.3.2, Anderson et al.
2009) for a variety of plume and viewing conditions, as re-
ported in Table 1. Conceptually, the TIR spectral radiance
retrieved from any given image of a volcanic plume is a
unique function of the composition and state of the plume
(which we are interested in) and the background (which we
are not).MODTRAN5 allows us tomodel this complexity and
predict at-sensor spectral radiance for, theoretically, all possi-
ble plume/background and composition/state combinations.
We vary SO2 plume gas concentrations, plume locations,
plume sizes, and viewing geometries in an attempt to simulate
atmospheric conditions that occur at the summit of Kīlauea
volcano, in Hawai’i, and in analog tropical volcanic scenarios.

To simulate atmospheric variability, it was necessary to
include a reasonable number of measured atmospheric sound-
ings with different water vapor column abundances. Water
vapor is the main atmospheric trace gas that can affect SO2

gas retrievals as it is highly variable (Prata and Bernardo 2014;
Realmuto and Worden 2000). Long time-series data analysis
has revealed that precipitable water vapor in tropical areas
ranges between 10 and 50 mm and that it is lognormally dis-
tributed around the peak value of about 30 mm (Foster et al.
2006). We found that 400 daily soundings from three tropical
locations (Hilo and Lihue, in Hawai’i and San Juan, in Puerto
Rico), and obtained from the University of Wyoming Upper
Air Sounding website (Upper Air Sounding 2016), produced
the same lognormal precipitable water vapor distribution ob-
served by Foster et al. (2006) and can therefore, explain most
of this variability (see Fig. 5).

Fig. 4 Average path-concentrations retrieved using the Gabrieli et al.
(2016) approach under cloudy background conditions at various eleva-
tion angles. The values were obtained by averaging the retrieved SO2 at
each pixel for each THI image. Standard deviation bars are displayed as
well as an ideal 1:1 black fit line. Ideally, the data points should fall on the
black line
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We generated 10,800,000 spectra for each elevation
angle with clear, fully cloudy, and partially cloudy con-
ditions, each associated with a known SO2 path-concen-
tration. An individual THI TIR spectrum could be taken
and matched against the best fit spectrum in the SO2–
ALTA library (or lookup table, LUT) by brute force
methods to invert spectral radiance to SO2 path-concen-
tration. However, this is time consuming and computa-
tionally intensive, especially in field situations or where
information has to be derived rapidly. Rather than using
the LUT of spectra to convert radiance to path-concen-
tration, the table was thus used to train a partial least
squared regression (PLSR) model. PLSR is a powerful
and amenable statistical tool, which predicts outputs
(here, SO2 path-concentrations) based on many input
variables (here, spectral radiances between 8 and
14 μm), where the inputs and outputs can be redundant,
collinear and/or not independent (Hoskuldsson 1988;
Martens and Naes 1989; Mattu et al. 2000; Rosipal
and Kramer 2006; Hecker et al. 2012; Lopez et al.
2013). PLSR selects the best weight for each of the
wavelengths based on the input for finding the output.
It also allows for a fast and efficient way to implement
the SO2 inversion, without employing time consuming
curve matching algorithm iteratively.

The PLSR training of SO2-ALTA is carried out by
mapping and assoc ia t ing each spec t rum in the
MODTRAN5-generated lookup table with the corre-
sponding SO2 path-concentration, which would be re-
trieved from such a spectrum at each of the environmental
and viewing conditions reported in Table 1. We define m
as the number of radiances for each wavelength, n as the

individual case, and p as the SO2 path-concentration.
Assuming X is an m × n input matrix of MODTRAN5-
simulated spectra and Y is an n × p output matrix of the
SO2 concentrations that would be obtained from each of
the spectra in X, the model is created by finding relation-
ships between X and Y by modeling the covariance struc-
tures in X and Y. This is carried out by finding the multi-
dimensional direction in the input X, which can explain
the maximum multidimensional variance in the output Y

Table 1 Conditions used to develop the lookup table used to develop SO2-ALTA

Environmental and geometrical parameters Values used to train SO2-ALTA

SO2 concentrations 0, 1, 3, 5, 7, 9, 11, 13, 15, and 17 ppm-v

Temperature and humidity profile Standard tropical atmosphere and 400 daily soundings from 3 tropical locations.
(365 soundings from Hilo and Lihue, Hawai’i, and 35 from San Juan, Puerto Rico.
Only daytime soundings were used for Hilo)

Viewing elevation angles 5, 10, 20, 30, 40, 50, 60, 70, 80, and 89 °

Camera height 0, 0.5, and 1 km

Plume-ambient temperature difference 0, 5, and 10 °C

Plume-camera distances 0, 0.5, 1, 2, and 5 km

Plume widths 0.1, 0.3, 0.5, and 1 km

Plume base height (above ground) 0 km

Plume top height 2.5 km

Clouds types Cumulus cloud layer: base 0.66 km, top 3.0 km
Altostratus cloud layer: base 2.4 km, top 3.0 km.
MODTRAN5 standard cirrus and sub-visual cirrus clouds

Horizontal cloud sizes 0.001, 0.005, 0.01, 0.02, 0.03, 0.07, 0.1, 0.3, 0.5, and 1 km

Cloud-camera distances 0.25, 0.5, 0.75, 1, 2, and 5 km (not applicable to cirrus clouds)

Fig. 5 Histogram of the log-normal distribution of the precipitable water
vapor for 400 daily soundings from three tropical locations (Lihue and
Hilo, in Hawai’i and San Juan, in Puerto Rico). The selected soundings
were obtained in the months of January, March, April, July, and
September of 2015 and in the months of June, August, September, and
November of 2016 from the University ofWyoming Upper Air Sounding
website (Upper Air Sounding 2016)
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(Abdi 2010). The general equations governing PLSR
models can be written as:

X ¼ TP
0 þ E ð1Þ

Y ¼ UQ
0 þ F ð2Þ

where T and U are the n × l matrices that are the X score
component and the projection of Y, respectively. P and Q are
m × l and p × l orthogonal matrices, where l is the number of
components and E and F are the error terms. The PLSRmodel
makes the decomposition of X and Y so that it maximizes the
covariance between the X score component and the projection
of Y. The result is a set of coefficients (T, P′, U, and Q′) which
relate the input (X, which in our case, is the measured spectral
radiance) to the desired output (Y, which for us, is the SO2

path-concentration). In developing the model (and arriving at
the coefficients), care is needed when selecting the number of
PLSR components in order to obtain the best possible model
while avoiding over training it (this is equivalent to fitting the
noise in the training dataset) (Yang et al. 2003). Once the SO2-
ALTA model is created from the known X and Y training
datasets, it can be used to find unknown SO2 path-
concentrations YY from measured spectra XX.

Figure 6 shows an example of the performance of six SO2-
ALTAs, trained for the conditions reported in Table 1 at the
elevation angles of 20°, 30°, and 40° for both clear sky condi-
tions and cloudy background. The models created for clouds
contain also clear sky spectra to account for partly cloudy
background conditions. Figure 6a shows the percent variance
that is explained by the models in the output Y, which is the

SO2 path-concentration. It can be seen that five PLSR compo-
nents explains 95% of the variance in the output for clear sky
conditions at 20°, 30°, and 40° elevation angles. For a cloudy
background, five PLSR components explain 85% of the vari-
ance at 40° elevation angle, and 75% at 30° and 20°. It was
found that if more PLSR components were used, the algorithm
performed poorly in each of the cases. The number of compo-
nents used to train the model was therefore not set to greater
than five to avoid over training the model with noise. Figure 6b
shows the percent error on the SO2-ALTA models, where the
error decreases rapidly with increased SO2 path-concentration.
It can also be seen that for SO2 path-concentrations greater
than 3000 ppm-m, the error is less than 20%. Other elevation
angles, which were not used during the validation study
discussed below, were tested and similar results were obtained.

Validation of the SO2–ALTA

Avalidation study of the new SO2–ALTAwas carried out using
the same image data that were used to test the two dual-view
approaches implemented by Gabrieli et al. (2016) and Prata and
Bernardo (2014). In addition to the THI images of clear and
cloudy sky when looking through the gas cells, THI images of
both clear sky and isolated cumulus clouds in the field of view,
acquired on 05/17/2016, were used. The SO2–ALTA processed
THI images are given in the electronic supporting material sec-
tion. Weather conditions for this latter dataset consisted of trade
winds from the North-East and low humidity. These images
were processed using SO2–ALTA to test the capability of the
new algorithm to retrieve SO2 path-concentrations in the pres-
ence of strong background heterogeneities.

Fig. 6 a Percent variance explained by six SO2-ALTAs for a viewing
angle of 20, 30, and 40° for both clear and cloudy sky. The number of
components used to train the model was not set to greater than five in
order to avoid over training the model with noise. b Error (one

standard deviation divided by the model mean) on the same six
SO2-ALTAs. For SO2 path-concentrations higher than 3000 ppm-m,
the error is lower than 20%
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Figure 7 shows the average path-concentrations retrieved
using SO2–ALTA under the three weather conditions. The dif-
ferent colors indicate different elevation angles. The black line
is a 1:1 fit and, ideally, each data point should fall close to the
line. Figure 7a shows that under clear sky conditions, SO2–
ALTA performs similarly to dual-view approaches. Figure 7b
shows that this novel single point approach performs better for
clouds than the dual-view method (cf. Fig. 4). Figure 7c shows
that, despite strong background heterogeneities created by the
presence of both clouds and patches of clear sky in the same
image, SO2–ALTA performed well. The coefficients of deter-
mination were 0.9926, 0.7842, and 0.9764, respectively for
clear sky, cloudy sky, and mixed backgrounds.

Figure 8 shows the average THI spectra for each image
acquired at the 40° elevation angle, under clear sky conditions,
but observed over a 3-day period. The fact that radiance does
not change systematically as gas concentration increases

shows that, although the clear sky conditions prevailed for
eachmeasurement, the atmospheric properties (predominantly
temperature and humidity) were changing. Despite this vari-
ability, the algorithm was able to effectively retrieve the SO2

path-concentration that was in the gas cells.

SO2-ALTA daytime and nighttime tests at Kīlauea
volcano under clear and cloudy conditions

To further evaluate the performance of the new single
point inversion technique, THI was used to acquire im-
age s o f t he vo l can i c p lume r i s i ng f rom the
Halema’uma’u vent on the summit of Kīlauea volcano.
Time-series of THI images were collected on 07/26/
2016 during the afternoon, at sunset, and during the
night (Fig. 9). Standard trade wind weather was

Fig. 7 Average path-concentrations retrieved using SO2–ALTA under
the three weather conditions: clear sky (a), fully cloudy (b), and partially
cloudy (c). The values were obtained by averaging the retrieved SO2 at

each pixel for each THI image. Standard deviation bars are displayed as
well as an ideal 1:1 fit (black line). Ideally, the data points should fall on
the black line
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observed during the time of the measurements. The sky
was clear during the afternoon and at sunset. After sun-
set, at 7:20 pm (local time), the weather changed as low
altitude clouds rolled in from the East, covering the
summit area. For this test, SO2-ALTA was modified to
account for elevation angle changes.

Figure 10a shows both a raw THI difference image of the
plume viewed against clear sky on 07/26, at 3:30 pm (local
time) and the same image processed using SO2-ALTA. The
raw THI image was obtained by subtracting channel 8.6 μm
from channel 10 μm to highlight cloud features in yellow as
seen in Fig. 2c–e. It can be seen that the image is mostly blue.
Haze can only be seen as a yellow layer along the horizon line.
The SO2-ALTA processed THI image shows a color map of
the SO2 path-concentration as retrieved in the volcanic plume
by SO2-ALTA. The path-concentration that was retrieved for the
plume ranges between 4000 ppm-m and 8000 ppm-m. Themod-
el was trained for SO2 path-concentrations up to 17,000 ppm-m.
These retrieved results for the volcanic plume at Kīlauea are in
the same range of other measurements carried out with both UV

and TIR methods at the same site (Elias and Sutton 2012; Kern
et al. 2012; Kern et al. 2013; Gabrieli et al. 2016).

The background seen next to the plume in the SO2-
ALTA processed THI image appears to have an SO2

path-concentration that varies between 1000 ppm-m
and 2000 ppm-m. However, no plume was visually ob-
served in that location. This background SO2 path-
concentration anomaly is considered to be an instrumen-
tal artifact of THI due to low sensitivity during daytime
conditions. In fact, Gabrieli et al. (2016) showed that,
under daytime conditions at low elevation angles, the
SO2 gas detect ion sensi t ivi ty of THI is about
1000 ppm-m. So, the background anomaly, observed
here, appears to be related to the sensitivity of the
THI instrument, rather than SO2-ALTA. This is further
investigated in Fig. 10b. Figure 10b shows a raw THI
image, obtained by calculating the difference between
the 8.6 μm and 10 μm band, of the plume acquired at
night with better thermal contrast and the same image
processed using SO2-ALTA.

It can be seen that most of the background sky is dark blue
and has an SO2-ALTA-retrieved SO2 path-concentration of
roughly 0 ppm-m. In this case, the thermal contrast between
the plume and the background is much higher than in Fig. 10a.
In fact, in accordance with Gabrieli et al. (2016), the SO2

sensitivity of THI is much higher at night. During nighttime
conditions and strong temperature contrast, THI can detect
SO2 gas path-concentrations as low as 100 ppm-m (Gabrieli
et al. 2016).

Figure 11 shows a raw THI image and the same image
processed using SO2-ALTA of the plume viewed against a
mixture of clouds and clear sky on 07/26, at 7:20 pm (local
time). To highlight the presence of the clouds, a difference
between channels 8.6 μm and 10 μm was calculated as
seen in Fig. 2c–e. A layer of clouds can be clearly seen
in yellow in the raw THI image of Fig. 11. The SO2-ALTA
processed THI image shows a map of the SO2 path-
concentration as retrieved in the volcanic plume by SO2-
ALTA. It appears that the new model was successfully able
to isolate SO2 plume features, despite the presence of the
clouds. Similarly to Fig. 10a, b, background SO2 gas path-

Fig. 9 THI on the rim of Kīlauea
caldera pointed at Halema’uma’u
crater. THI images of the volcanic
plume were acquired both during
daytime and nighttime conditions
to test the effectiveness of
SO2-ALTA

Fig. 8 Average spectra obtained from each THI image under clear sky
conditions. It can be seen that, despite the variability of the atmosphere
(measurements taken over 3 days), the algorithm was able to effectively
retrieve the SO2 path-concentration that was in the gas cells
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concentration anomalies are present. In this case, they are
related not only to instrumental effects, but they also ap-
pear to be linked to the background heterogeneities of the
cloud layer.

One way to identify and correct for these background
anomalies would be to employ time-series monitoring. In fact,
the SO2 gas path-concentration background anomalies would
appear static in time-lapse sequences as they are related to
either poor thermal contrast, low instrumental sensitivity, or

background heterogeneities. On the other hand, the plume
would appear to be in motion.

Performance summary

Table 2 summarizes the three SO2 inversion algorithms
evaluated in this paper and the conditions under which they
were tested. Figure 12 shows a summary of the perfor-
mance of the two dual-view approaches and the new single
point SO2–ALTA in detecting SO2 path-concentrations un-
der clear sky conditions. Figure 13 shows a summary of the
performance of the Gabrieli et al. (2016) approach and
SO2–ALTA in detecting SO2 path-concentrations under
variable fully cloudy conditions. Figure 14 shows a sum-
mary of the performance of SO2–ALTA in detecting SO2

path-concentrations under variable mixed conditions (both
clouds and clear sky).

Dual-view approaches suffer from background hetero-
geneities and do not work when clouds are present. An
additional problem with dual-view approaches is the fact
that they do not properly account for the effect that the
intervening atmosphere (between the plume and the sen-
sor) has on the retrieval algorithm. Fig. 15a shows the
viewing geometry of a sensor and two hypothetical plumes
at different distances. Figure 15b shows simulated radi-
ances for conditions with various SO2 gas concentrations
for a plume 0.5 km and 5 km away the sensor (Fig. 15a).
Because results for SO2 path-concentrations of 5000 ppm-
m and 2500 ppm-m at distances of 5 and 0.5 km are very
similar, it appears that almost identical spectral radiances
can be obtained for different SO2 path-concentrations if the

Fig. 10 a Raw THI images (above) and SO2-ALTA processed images
(below) of the plume viewed against clear sky on 07/26, at 3:30 pm (local
time). b Raw THI image (above) and SO2-ALTA processed image
(below) of the plume viewed against clear sky on 07/26, at night at

6:50 pm (local time). The raw THI images were obtained by subtracting
channel 8.6 μm from channel 10 μm to highlight cloud features in yellow
as seen in Fig. 2c–e. It can be seen that the raw images are mostly blue.
Haze can be seen as yellow along the horizon line

Fig. 11 Raw THI image and SO2-ALTA processed image of the plume
viewed against clear and low altitude clouds on 07/26/2016, at 7:20 pm
(local time). The raw THI image was obtained by subtracting channel
8.6 μm from channel 10 μm in order to highlight cloud features in yellow
as seen in Fig. 2c–e. A low altitude layer of clouds can be seen in the raw
THI image
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plume is modeled at different distances. This degradation
of the SO2 signal with distance is due to absorption and
emission from the atmosphere between the plume and the
sensor. This plume distance effect is not properly
accounted for in either of the two dual-view approaches.

Conversely, the SO2-ALTA approach should be able to
distinguish these two conditions (the plume distance ef-
fect) and correctly retrieve SO2 path-concentrations.
Figure 16 shows three curves. The red one shows the
difference between the two very similar spectral radiance
curves L3 and L4, plotted in Fig. 15b. The blue one
shows the difference between L3 and L5, where L5 is a
spectral radiance curve obtained for an additional hypo-
thetical plume with 2400 ppm-m of SO2 at a distance of
0.5 km. The yellow curve displays the difference between
L3 and L6, where L6 is a spectral radiance curve obtained
for another hypothetical plume with 2600 ppm-m of SO2

at a distance of 0.5 km. Subtle plume distance-dependent
spectral differences exist within the spectral region from 8
to 10 μm. These spectral differences peak at 8.815 μm.
This wavelength is thus important when distinguishing
plumes of similar SO2 concentration at different distances.
The subtle spectral differences seen in Figs. 15b and 16
suggest that excellent sensor signal-to-noise is necessary
for SO2 plume retrievals, particularly for high water va-
por, cloudy background conditions, and if the plume dis-
tance cannot be determined accurately. The noise equiva-
lent spectral radiance (NEΔL) of the THI instrument, the
sensor used in this study, at 8.82 μm is shown as the error
bar in Fig. 16. It can be seen that our current sensor is
barely able to resolve spectra, with sufficient signal-to-
noise, to distinguish these spectral differences.

This conundrum is further investigated in Fig. 17. Here,
simulated plumes with similar SO2 concentrations are
modeled at different distances between 0 km and 5 km from
a hypothetical sensor. SO2-ALTA is then used to retrieve SO2

path-concentrations from the simulated plumes. It can be seen
that SO2-ALTA performed well in retrieving SO2 plume con-
centrations at different distances under clear sky and dry con-
ditions (the total column integrated water vapor was 20 mm)
(Fig. 17a). Under cloudy and humid atmospheric conditions
(the total column integrated water vapor was 60 mm), SO2-
ALTA performed poorly (Fig. 17b). This simulation suggests
that SO2 path-concentrations can be successfully retrieved
from plumes at different distances using SO2-ALTA under
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�Fig. 12 Summary of the performance of the two dual-view approaches
and the new single point SO2–ALTA in detecting SO2 path-
concentrations under clear sky conditions for all of the elevation angles
and all of the SO2 path-concentrations. The length of the red line is
defined by the standard deviation limit around the mean, and the blue
line is defined by the minimum and the maximum SO2 path-
concentrations retrieved. Ideally, the retrieved SO2 path-concentrations
should fall close to the vertical black line for each section
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Fig. 13 Summary of the performance of the Gabrieli et al. (2016) ap-
proach and the new SO2–ALTA in detecting SO2 path-concentrations
variable cloudy conditions for all of the elevation angles and all of the
SO2 path-concentrations. The length of the red line is defined by the

standard deviation limit around the mean, and the blue line is defined
by the minimum and the maximum SO2 path-concentrations retrieved.
Ideally, the retrieved SO2 path-concentrations should fall close to the
vertical black line for each section
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Fig. 15 a Location of the two simulated plumes (represented by the two
black boxes). The sensor viewing the plumes is located in the origin of the
axis and the viewing path is represented by the green line. b The red line
shows spectral radiances for SO2 path-concentrations of 5000 ppm-m at
0.5 km distance (L1). The blue line shows spectral radiances for SO2

path-concentration of 0 ppm-m (L2). The pink and black dashed lines
show the spectral radiances for SO2 path-concentrations of 5000 ppm-m
and 2500 ppm-m at distances of km and 0.5 km, respectively (L3 and L4)
simulated spectral radiances for two SO2 concentrations

Fig. 14 Summary of the performance of the new SO2–ALTA in detecting
SO2 path-concentrations variable mixed (clouds and blue sky patches)
conditions for all of the elevation angles and all of the SO2 path-concen-
trations. The length of the red line is defined by the standard deviation

limit around the mean, and the blue line is defined by the minimum and
the maximum SO2 path-concentrations retrieved. Ideally, the retrieved
SO2 path-concentrations should fall close to the vertical black line for
each section
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low humidity conditions. Retrievals of SO2 path-
concentrations from plumes seen against a cloudy background
under high humidity conditions are much more challenging.

Similarly, the test carried out in this paper showed that
SO2–ALTA performed well in cloudy conditions when the
amount of water vapor in the atmosphere was low (the partial-
ly cloudy background case). In fact, in this case, atmospheric
conditions were drier and so, good SO2-ALTA retrievals (er-
rors less than 20%) were obtained even for lower viewing
elevations (20°) and cloudy backgrounds. Conversely, during
high humidity cases and overcast sky (the fully cloudy back-
ground case), SO2-ALTA performed less accurately with er-
rors greater than 50%.

Conclusion

The inversion of SO2 path-concentration using ground-based
spectral TIR methods is complicated by emission and absorp-
tion processes within the plume, the background and the fore-
ground regions. Two dual-view algorithms (Gabrieli et al.
2016; Prata and Bernardo 2014) were validated using TIR
measurements with gas cells to provide realistic and known
path-concentrations of SO2. Both clear and cloudy back-
ground conditions were tested. The validation study carried
out here showed that the dual-view approaches of Gabrieli
et al. (2016) and Prata and Bernardo (2014) suffer from a
variety of issues, which limit their usefulness in SO2 retrievals.
These issues are the assumption of clear sky background con-
ditions and the plume distance effect. The process of compar-
ing regions in and out of the plume assumes the background
sky is homogeneous. In fact, cloudy backgrounds drastically
reduce their performance.

This paper also presented a new inversion algorithm, SO2-
ALTA, which is capable of single point SO2 path-
concentration retrievals. SO2–ALTA employs a PLSR model
that was trained using MODTRAN5 spectral radiance lookup
table calculations for a variety of plume and atmospheric con-
ditions. The performance of SO2–ALTAwas similar to those
of the two dual-view approaches under clear sky conditions,
but much better under cloudy background conditions.

The initial work described here is promising and offers the
possibility of improved SO2 retrievals. The SO2-ALTA ap-
proach could also be used for other gases, such as SO2,
CO2, H2O, and SiF4. The retrieval algorithm is currently lim-
ited to tropical atmospheres as it was trained using Hawai’i
and Puerto Rico soundings, but it would be simple to expand
its geographic applicability by building appropriate

Fig. 17 Theoretical performance of SO2-ALTA under dry and humid
atmospheric conditions for 20° elevation angle. Similar concentration
SO2 plumes were modeled at different distances (0 km to 5 km in

0.1 km increments) from the sensor under a dry and b humid conditions.
The red line is the standard deviation. A total of 6120 simulations were
carried out for each of the two atmospheric conditions

Fig. 16 Spectral radiance differences between various spectra shown in
Fig. 11. L3, L4, L5, and L6 correspond to SO2 path-concentrations of 5000
ppm-m, 2500 ppm-m, 2400 ppm-m, and 2600 ppm-m at distances of 5 km,
0.5 km, 0.5 km, and 0.5 km, respectively. The noise equivalent spectral radi-
ance (NEΔL) of the THI instrument at 8.82 μm is shown as the error bar
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MODTRAN databases to train additional PLSR models. It is
expected that SO2-ALTA will perform better at higher lati-
tudes where less water vapor is present in the atmosphere.
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