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Revealing the influence of volcanic plumes on lake water quality 
parameters derived using remote sensing methods
Verity Flower, Dalin Jiang and Evangelos Spyrakos

School of Life and Environmental Sciences, University of Stirling, Stirling, Scotland, United Kingdom

ABSTRACT

Satellite-derived observations of inland waters are widely used in environmental monitoring, 
often forming the basis of long-term analyses in the absence of continuous in situ measure
ments. However, the influence of transient atmospheric phenomena, such as volcanic 
plumes, on these datasets remains insufficiently quantified. We investigate the impact of 
volcanic plumes generated during the 2011–2012 eruption of Puyehue-Cordón Caulle, on the 
availability of remotely observed lake data (lake surface water temperature [LSWT], turbidity 
and chlorophyll-a) compiled from the ESA Climate Change Initiative (CCI) Lakes dataset. We 
subsequently extend the assessment of LSWT observations, combining these with coincident 
plume observations from the Multi-angle Imaging SpectroRadiometer (MISR) and the 
Moderate Resolution Imaging Spectroradiometer (MODIS), to identify the impacts of diffuse 
volcanic plumes on remote lake observations. Linear mixed-effects models assessed plume 
effects, while accounting for lake-specific variability during plume events. These findings 
indicate that while existing cloud masking removes LSWT observations in the presence of 
dense ash-rich plumes, diffuse volcanic plumes frequently remain undetected while signifi
cantly impacting LSWT records. Plume impacts varied seasonally, with LSWT observations 
being lower in winter months, and warmer in summer. At the pixel scale, plume interference 
was associated with LSWT8 reductions of up to 12 °C beneath dense ash-plumes, and 
1 °C–5 °C beneath diffuse plumes. Geographic conditions influenced overall data availability, 
with measurable effects extending to ~270 km from the volcanic source. A random forest 
classification achieved an overall accuracy of 78% classification accuracy for distinguishing 
plumes from cloud and background regions, demonstrating the potential to develop an 
automated flag for CCI Lake data. These findings demonstrate that diffuse volcanic plumes 
can introduce substantial uncertainty into satellite-derived LSWT observations, although the 
magnitude and spatial extent of the observed effects are case-specific. This highlights the 
need for further investigation across diverse volcanic events and geographical settings to 
support the development of dedicated quality flags for diffuse and transient aerosol features.
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1. Introduction

Lakes play a vital role in global water resource management, contributing to drinking water supply, 
agriculture, and ecosystem services. Monitoring these systems through in situ observations alone is 
often impractical due to cost, accessibility, and logistical constraints (Rickards et al. 2023). Satellite remote 
sensing therefore provides a critical alternative, enabling systematic monitoring of lake temperature, water 
quality, and extent at regional to global scales (Sajib et al. 2025; Sheffield et al. 2018; Zeng et al. 2025). 
However, volcanic plumes represent a particularly complex and variable form of atmospheric interference 
in these measurements. These plumes typically consist of mixtures of ash, sulfates, and water vapor, with 
properties that evolve both temporally and spatially throughout an eruption (Carey and Bursik 2015; 
Tournigand et al. 2019). Dense ash-rich plumes are generally identifiable in remote sensing imagery and 
removed through standard quality control procedures and cloud masks (Petracca et al. 2022; Robbins et al. 
2022). Large volcanic plumes have also been successfully detected in high temporal-, low spatial-resolution 
data (Pavolonis, Sieglaff, and Cintineo 2018) and where plume have a notable ash component (Picchiani 
and Chini 2015). However, more diffuse plumes, particularly those dominated by fine particles or sulfate 
aerosols, may not be detected, despite having the potential to attenuate or distort surface signals (Katsev 
et al. 2021). This issue can be particularly relevant for satellite-derived observations of inland waters 
(Niroumand-Jadidi, Bovolo, and Bruzzone 2020).

Earth observations recorded by optical remote sensing instrumentation represent a significant resource 
for monitoring environmental phenomena and providing essential climate variables (ECVs), including lake 
water quality parameters (Ballari et al. 2023; Carrea et al. 2023). These data are increasingly used in isolation, 
deriving environmental characteristics from remote observations alone (Fensholt et al. 2015; Jiang et al. 
2024; Kimball 2008). However, these data are also frequently employed to augment ground-based 
observation records, to provide a more extensive data series or infill data gaps to facilitate more accurate 
environmental assessment. A key source of uncertainty arises from transient atmospheric interference. 
Volcanic eruptions, wildfire smoke, dust storm and anthropogenic pollution introduce aerosols into the 
atmosphere that can alter the radiative signal received by satellite sensors (Kahn et al. 2023; Li et al. 2022). 
While operational processing chains typically include cloud masking algorithms (Carrea et al. 2023) to 
remove optically thick features, these approaches are not designed to consistently detect diffuse aerosol 
plumes. As a result, diffuse atmospheric particles that are not explicitly identified as clouds may still 
influence retrieved surface properties. With the increasing availability and use of online datasets of remote 
observations, understanding the impact of these transient events is imperative to prevent the inaccurate 
interpretation of evolving environmental conditions, such as lake water quality.

1.1. Study area

Within this study we will explore the challenges posed by the presence of volcanic plumes when 
monitoring lake water quality, particularly those plumes too diffuse to be screened out as cloud features 
by traditional remote sensing algorithms. We present evidence of how volcanic particles, held in atmo
spheric suspension, can impact lake water measurements provided in the CCI Lake database. To facilitate 
this, a persistent volcanic eruption, occurring over a lengthy but finite time period (~1 year), and in close 
direct proximity to numerous lakes, was required to effectively evaluate the impacts over a range of 
environmental conditions. The eruption of Puyehue-Cordón Caulle (PCC) (Figure 1) generated frequent 
plumes that dispersed widely across central Chile and Argentina was deemed to be an appropriate 
exploratory case study. PCC volcano, erupted on 4th June 2011, following a period of seismic activity in 
April–May 2011 (Bignami et al. 2014). The eruption produced persistent plumes, some reaching over 10 km 
in altitude, through until March 2012 (Maes et al. 2016). These plumes varied in altitude and extent across 
the eruption period but generally decreased in size as the eruption progressed (Bonadonna et al. 2015). 
Central Chile and Argentina contain many lakes with a wide range of physical characteristics (e.g. shape, 
size, depth, geographic location). PCC is located with the wider Puyehue-Cordón Caulle volcanic complex 
(PCCVC) in central Chile, a thin volcanic complex runs along the eastern border with Argentina with PCC 
located in the center (Lara et al. 2006). The PCCVC is characterized by a chain of volcanic peaks that dip to 
the plains of Argentina to the east and the Pacific Ocean to the west (Elissondo et al. 2016). Varying 
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Figure 1. Location of MODIS-observed plumes emitted by PCC volcano (red volcano marker). Plumes are displayed as 
total combined observed extent (A); and also in pairs of months (B–F) during the eruption period (June 2011–March 2012). 
Lake locations (blue) are also noted across the analysis region with effected locations extending to: Chile, Argentina, 
Uruguay and Brazil.

GISCIENCE & REMOTE SENSING 3



atmospheric dynamics cause diverse patterns of dispersion with onshore winds from the Pacific dominating 
higher altitude plumes dispersed over Argentina (Figure 1A–D). While plumes emitted to lower altitudes, 
and when onshore winds were less dominant, are frequently transported to the north and west 
(Figure 1C–F).

Numerous lakes (17) are located within 1000 km of PCC volcano (Figure 1A) and were impacted by 
multiple plumes during the defined eruption period. These 17 lakes were incorporated into these analyses, 
based on relative impact, data availability and analysis function. All 17 were used to identify how the 
presence of volcanic plumes impacted the overall availability of observations of surface features. Eleven 
lakes, in close proximity to the volcano, were used to conduct statistical assessment of how the presence of 
plumes impacted daily lake observations. With a single lake selected for in-depth pixel-scale assessment 
due to the presence of multiple observation records corresponding to observed plume events. As this study 
represents an exploratory assessment of an opportunistic volcanic eruption event, the lakes were not 
intended to constitute a statistically representative sample of lakes globally. Consequently, the findings 
should be interpreted in the context of lakes exposed to volcanic plumes during the PCC eruption, rather 
than as directly generalizable to all lakes or volcanic events.

1.2. Research gap

Despite considerable advances in atmospheric correction and cloud masking algorithms, the influence of diffuse 
volcanic plumes on remote measurements of inland water quality remains unquantified. Existing cloud-screening 
procedures are broadly effective at removing optically thick plumes (Pavolonis, Sieglaff, and Cintineo 2018; 
Picchiani and Chini 2015) but are not optimized to identify diffuse aerosol plumes that allow surface reflectance 
to transit through to a sensor, but which may have a significant impact on the signal intensity reaching the 
satellite-based sensor. Consequently, it remains unclear whether volcanic plumes can lead to systematic bias in the 
lake record derived from space-based observations, how significant these biases may be and whether there are 
spatial or seasonal variations in the impacts observed. Within this work, we use the persistent eruption of PCC to 
identify the effect of diffuse atmospheric particles on satellite-derived lake water quality indicators, primarily LSWT. 
Addressing these knowledge gaps is essential as satellite-derived lake water quality records are increasingly used 
for long-term lake studies, and no studies currently exist that explore the direct impacts of diffuse volcanic plumes 
on these measurements.

1.3. Aims

Within this study there are three primary aims that will be addressed through a range of visual and 
statistical assessments:

1. To establish the impact of volcanic plumes on the remote observations of lake quality variables, and the 
extent of this influence. 

2. To identify if volcanic plumes can be distinguished from background observations and/or cloud features 
based on MISR particle property observations to facilitate the automated flagging of impacted lake data. 

3. To quantify the impact that volcanic plumes can have on remote lake quality observations.

2. Methods

Plume observation frequency is a critical factor in the ability to establish the impact of volcanic plumes that 
is outlined in this work. While instruments with unique observing characteristics (e.g. multi-angle observa
tions) may provide novel insights in environmental assessment, their overall coverage can be limited by a 
more restricted overall swath width increasing time between observations. This can lead to gaps in the 
observational record (Figure 2Aii) which, when paired with the sporadic nature of volcanic eruptions, can be 
less than ideal for assessing overall eruption impact. Therefore, in this work we combine unique multi-angle 
observations from the MISR instrument, with wider context imagery incorporated from the Moderate 
Imaging Spectroradiometer (MODIS) instrument (Figure 2Ai). Both instruments are housed on the Terra 
platform (Salomonson et al. 1989), which was launched into a sun‐synchronous orbit in December 1999 
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with a day‐time equator crossing of ~10:30 local time. Consequently, these instruments collect coincident 
observations in the nadir direction, with a history data set spanning over a 24-year period.

2.1. Remote plume data

2.1.1. MISR
MISR is a passive, visible‐near infrared (VIS‐NIR) sensor, measuring upwelling shortwave radiance across four 
spectral bands (446, 558, 672, and 866 nm; Diner et al. 1998). MISR operates nine cameras collecting near- 
coincident imagery across multiple viewing angles. Observations are obtained as fixed angles of nadir, plus 
four additional view angles in the forward (F) and aft (A) directions (26.1°, 45.6°, 60°, 70.5°), relative to the 
orbit track (Diner et al. 1998). The observations are recorded across a common swath of ~380 km at a spatial 
resolution of 1.1 km in each spectral band. Limited improved resolution (275 m) is available for all spectral 
bands in the nadir camera, and additionally for the red spectral bands in each of the other eight cameras 

Figure 2. (A) (i) Timeline of MODIS-derived plume area during the PCC eruption period (June 2011–April 2012); (ii) 
marker representing MISR-derived maximum plume heights (y-axis) and MODIS-derived plume extent (marker size) for 
concurrently observed plume; (B–D) graphical representations of the instances in which volcanic plumes were observed to 
obscure lakes (fully or partially) in the PCC-impacted region, intersection values are segregated to denote MODIS (blue 
hash marking) and MISR (orange hash marking) observations, and are listed in increasing distance from the source (start 
and end distances noted in gray on each plot); (E) list of lake names associated with codes used in (B–D).
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(Diner et al. 1998). MISR data can facilitate the calculation of geometrically derived plume heights, 
accompanied by associated wind vectors, calculated from the multiangle imagery where there is sufficient 
contrast among the plume pixels (Moroney, Davies, and Muller 2002; Muller et al. 2002; Kahn et al. 2007; 
Nelson et al. 2008, 2013; Scollo et al. 2012). These plume heights have been found to be more stable over 
time than their radiometrically derived equivalents from other sensors (Flower and Kahn 2017a). While MISR 
is not sensitive to the extremely diffuse particles that can be retrieved with active LiDAR measurements, 
MISR's wider swath width provides a better synoptic view that provided by LiDAR (Flower and Kahn 2017a). 
The MISR Interactive eXplorer (MINX) software package (Nelson et al. 2008, 2013) facilitates the manual 
classification of plume areas observed in MISR imagery, whilst also calculating the plume heights and wind 
vectors derived through analysis of the plume motion occurring between the extreme forward and aft 
camera observations (~7 min). Since volcanic eruption classification commonly associate plume altitude 
with explosivity (Newhall and Self 1982), these observations can be used to assess eruptive dynamics. 
Additionally, the plume areas defined during the MINX analysis will be saved for inclusion into investigation 
of plume/lake intersections, that will be conducted in the geospatial data platform QGIS (QGIS.org 2025).

Particle microphysical properties can be derived radiometrically from the multiangle, multispectral MISR 
data (Kahn and Gaitley 2015; Kahn et al. 2010; Limbacher and Kahn 2017; Martonchik, Kahn, and Diner 2009) 
using the MISR research Algorithm (RA) (Limbacher and Kahn 2014, 2017). These observations can facilitate 
the distinction of particle evolution within individual plumes, as well as ongoing variations between plumes 
as an eruption progresses (Flower and Kahn 2021). These data provide four derived variables that are used 
within this work to track relative variations in properties within and between plumes, clouds and back
ground: Aerosol Optical Depth (AOD); Retrieved Effective Particle Size (REPS); Retrieved Effective Particle 
Absorption (REPA), which is analogous with Single Scattering Albedo (SSA) in this work; and Fraction of 
Non-Spherical Particles (FNSP). For the purposes of this work, we will be reporting the general variations in 
these observations between eruptive plumes. While it is beyond the scope of this work to provide detailed 
plume analyses, further work on plume particle classification is ongoing. For selected examples of MISR RA 
output for PCC, see the associated supplementary material provided with this paper. For full details of the 
MISR RA outputs, please see the associated data repository at – Cordon Caulle Plume Data (2011–2012) – 
MISR/MODIS Satellite Retrievals.

2.1.2. MODIS
MODIS is a broad‐swath, visible‐infrared (VIS‐IR) imager providing global coverage every 1–2 days 
(Salomonson et al. 1989; Wright et al. 2002). MODIS was designed for a range of applications, here we 
will be exploiting its capabilities in the visual spectrum to highlight the existence and dispersion of volcanic 
plumes at a synoptic scale. Facilitated by a swath width of 2330 km MODIS can provide additional context 
of the horizontal extent of plumes complementing MISR data (Vermote et al. 2007; Xiao et al. 2009). Since 
the MODIS and MISR sensors are both housed on NASA's Terra satellite platform, the observations are 
concurrent (at the nadir view) and so MODIS can provide directly comparable synoptic scale information for 
the smaller spatial extent observations obtained by MISR. Additional MODIS observations will be used in the 
assessment of CCI Lake data to assess the presence/absence of plumes above individual lakes, where MISR 
data is unavailable. A review was completed of all available MODIS data, at each individual lake analyzed, to 
visually identify if there was a plume present over, or near, the lake. Plume identification was undertaken 
through direct visual inspection of each MODIS image by an experienced volcanological remote sensing 
scientist, rather than through an automated classification procedure. Each image was reviewed individually 
to identify the spatial extent of the visible plume and to distinguish the plume from surrounding back
ground areas and cloud. The plume region was delineated where it could be visually distinguished from the 
surrounding scene, while areas: obscured by cloud; instances where other interferences were observed (e.g. 
wildfire plumes); data errors existed; or where plume boundaries could not be reliably identified, were 
noted for subsequent analyses to prevent convoluting these factors with the impacts of volcanic plumes. 
No automated plume-detection or classification procedure was used. A second MODIS sensor, launched on 
the Aqua satellite in 2002, provides additional daily observations, ~3 h later at the equator than the Terra 
overpass and was incorporated into this analysis during the manual plume identification process as gap 
filling, where there were issues with the Terra-based observations (e.g. missing data tiles, cloud obscured 
observations when lake data suggests visibility was clear).
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2.2. ESA climate change initiative (CCI) lakes data

We leverage the ESA Climate Change Initiative (CCI) Lakes project's long-term, multi-variable dataset of lake 
properties as a basis for our analysis (Carrea et al. 2023). The lake data, derived from satellite observations, 
includes lake surface water temperature (LSWT), turbidity, chlorophyll-a (Chl-a) concentration, lake extent, 
and water level (https://climate.esa.int/en/projects/lakes/, Carrea et al. 2024). In this study, the ESA CCI Lake 
database version 2.02 was used. The ESA CCI Lakes dataset is a multi-sensor climate data record designed to 
provide consistent and homogeneous observations over time, incorporating processing and inter-sensor 
consistency measures where applicable (Carrea et al. 2023). Nevertheless, residual inconsistencies associ
ated with changes in sensor characteristics or processing cannot be entirely excluded. The ESA CCI Lakes 
Level-3 LSWT product has a reported per-pixel uncertainty of approximately 0.4 °C–0.7 °C under clear-sky 
conditions, with larger uncertainties potentially arising near lake-land boundaries (Simis et al. 2025). 
Consequently, plume-induced anomalies substantially exceeding this uncertainty are unlikely to arise solely 
from retrieval error. The ESA CCI Lakes LSWT product applies operational atmospheric correction and cloud 
screening algorithms to convert top-of-atmosphere thermal radiance into lake surface water temperature 
(Carrea et al. 2023). Only observations passing the ESA CCI Lakes quality-control criteria were retained for 
analysis. Pixels identified as cloud-contaminated by the operational cloud mask were automatically 
excluded prior to the data download process. Because the operational processing chain is optimized for 
typical atmospheric absorption and cloud contamination rather than volcanic aerosols, it is expected that 
residual plume contamination remains within observations, that otherwise satisfy standard quality-control 
criteria. Therefore, the obtained CCI Lake observations were subsequently classified as plume-impacted or 
non-impacted by visual inspection of coincident MODIS true-color imagery and MISR aerosol products. CCI 
Lake observations are associated with a “pinned observation time” of 12:00 UTC. However, since they are 
compiled from multiple polar-orbiting satellites (ATSR-2, AATSR, MODIS [Terra], AVHRR [MetOp-A, MetOp-B], 
SLSTR-A, SLSTR-B) their specific observation time can vary but is generally expected to fall between 10:00 
and 13:00 local time (Carrea et al. 2023) comparable to the observation times of MODIS/MISR imagery. 
Consequently, any statistically significant differences identified between plume and non-plume observa
tions are interpreted as limitations of the current operational processing rather than necessarily indicating 
deficiencies in the underlying lake temperature retrieval algorithm.

While the data are generated at a nominal pixel scale of ~1 km, we also generated mean daily values for 
each target lake, with associated standard deviations. The pixel-scale data were used to investigate the 
direct impact of plumes using geospatial techniques (QGIS.org 2025) while daily averages were used in the 
generation of time series to assess overall plume impacts. The data record spans 21 years of daily 
observations (2000–2020, inclusive). Daily averages were collated for LSWT, Chl-a and turbidity for each 
identified lake. A standard monthly baseline for individual lakes of each observation type (LWST, Chl-a and 
turbidity) was calculated by excluding the PCC eruption period (Jun 2011–Apr 2012) and calculating 
corresponding means and standard deviations of the remaining observations. These lake-specific baselines 
were used to calculate standardized data anomalies, facilitating the intercomparison of the relative plume 
impact between lake systems. Pixel-scale data were employed to generate a comprehensive understanding 
of the direct impacts of plumes on corresponding lake data. In total, 33 lakes were observed to be impacted 
by at least one plume (Figure 2B–E), of which 17 were impacted by multiple plumes and were included for 
more detailed analysis.

2.3. Statistical analyses

Statistical assessments were undertaken to evaluate the significance of the patterns identified through 
visual interpretation. These analyses focused on LSWT, as the existing flagging procedures were generally 
effective for Turbidity and Chl-a, leaving insufficient observations for comparable statistical assessment of 
these variables. LSWT therefore provided the primary dataset for investigating the potential influence of 
volcanic plumes on satellite-derived lake observations.

All statistical analyses were conducted using codes created in R and run in RStudio (R Core Team 2025). 
These were employed in the determination of the potential for a data flag to be included in the CCI data 
(random forest classification: RF) to alert end users as to whether the data being used is impacted by 
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transient plumes. While a second method (linear mixed-effects modeling: LMM) was employed to assess the 
statistical relevance of the lake values identified outside of historical expected ranges during visual 
assessment. The methods employed are detailed below and the relevant R codes can be found in the 
supplementary material provided with this manuscript.

2.3.1. Flagging procedure—random forest analysis
Statistical assessment of environmental data, which is typically characterized by non-linear, complex 
dynamics, with frequent missing values, can be challenging for traditional linear methods (Cutler et al. 
2007; De'ath and Fabricius 2000). However, RF models have been found to be effective in the classification 
of environmental characteristics and dynamics (Breiman 2001; Cutler, Cutler, and Stevens 2012). These have 
also been found to be capable in the quantitative analysis of volcanic plumes in both the laboratory 
experiments (Rayborn and Jellinek 2022) and remote observation studies (Corradino et al. 2024; Romeo 
et al. 2023). An RF model was employed here to identify if the available MISR RA data could be employed to 
create an automated flag for the CCI Lake database. The aim of this flag would be to indicate observations 
that are likely to be impacted by presence of transient atmospheric plumes that were not removed by 
existing cloud masking procedures. Data for the observed plumes, associated background and cloud values 
were compiled for each MISR observation date. Background data was taken from all MISR observations, 
while cloud features were analyzed opportunistically when identified as being present in the region around 
the plume area during the visual review (full data records available in the Data repository for this work: 
Cordon Caulle Plume Data (2011–2012) – MISR/MODIS Satellite Retrievals). The RF model was selected due 
to its capabilities to generate a multi-parametric decision tree incorporating multiple particle characteristic 
(e.g. plume depth, size, shape, scattering/absorption). RF models offer good predictive capabilities without 
the need for extensive tuning (Fox et al. 2017).

Following initial data cleaning (removal of null; saturation point and missing values) for the 4 key variables 
derived with MISR (AOD, REPA, REPS and FNSP) was completed. Initially a total of 50,000 observations (of 700,000 
possible) were randomly selected for model development using a fixed random seed to ensure reproducibility. 
However, this was subsequently extended to sample sizes of 100,000 and 350,000, to ensure the optimum data 
threshold had been met for the generation of an effective model (Silvey and Liu 2024). The significant increase in 
included samples was expected to improve accuracy, and increase the number of cloud observations that 
were included in the sample set, considering these only represent ~8% of the total observations The final 
dataset comprised three classes (Plume, Background and Cloud), with the number of observations in each class 
incorporated into the sampled dataset (Sample Count 50 K:100 K:350 K—Background—20357:40547:141822; 
Cloud—3881:7783:27587; Plume—25762:51670:180591). Model performance was evaluated using stratified 10- 
fold cross-validation, ensuring that the class proportions were maintained within each fold. In each iteration, 
approximately 90% of the data were used for model training with the remaining 10% employed validation, with 
every observation serving as validation exactly once across the ten folds.

An RF classifier incorporating 500 decisions trees was employed, each trained on a different random 
subset of the data. While each decision tree predicted the classes (Plume, Background and Cloud) the final 
output reported is the result of averaged class probabilities across the individual analyses. Classification 
performance was assessed from the aggregated cross-validated predictions, using results derived from the 
resulting: confusion matrix; overall accuracy; Cohen's kappa; and one-versus-rest receiver operating char
acteristic (ROC) curves; with corresponding area under the curve (AUC) values. A final RF model was 
subsequently fitted to the complete sampled dataset to derive variable importance estimates.

2.3.2. Linear mixed-effects modeling (LMM)
To effectively test whether the presence of transient volcanic plumes had a statistically significant impact 
on the remote lake measurement, we employ an LMM. The LMM model was selected as it can deal with 
repeated, but non-regular, observations (Bolker et al. 2009 Schielzeth et al. 2020), ultimately allowing both 
population-level effects (e.g. the overall influence of plume presence) and lake-specific variations to be 
estimated simultaneously. LMMs have been used in the analysis of a variety of environmental processes, 
including relating to lakes (Lessels and Bishop, 2013; Vera Mercado and Engel 2021), and volcanic emissions 
(Auchmann et al. 2013; Laiolo et al. 2016). Here, the ability of LMMs to deal with both fixed and random 
effects make them more appropriate that the more limited single linear regression model, which would not 
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be able to account for the inter-lake variability identified in this analysis (Zuur et al. 2009). Facilitating the 
inclusion of independent baselines for each lake analyzed.

Prior to implementation of the LMMs, corresponding MISR/MODIS data was used to identify if LSWT 
observation dates (at each of 11 lakes) were impacted (plume present) or non-impacted (no plume present) 
by visible volcanic plumes. A second binary classification was also included to identify if Clouds were 
present or not over the corresponding lake, based on visual identification of cloud features during the 
plume presence review. LSWT observations from each lake were initially compared with lake-specific 
monthly climatological means to calculate temperature anomalies. Anomalies were then standardized by 
dividing by the corresponding monthly standard deviation, producing a standardized anomaly (z-score) for 
each observation. Because lakes differ substantially in their typical seasonal temperature regimes, analyses 
were performed on these standardized temperature anomalies, rather than raw lake surface temperatures. 
Standardization relative to each lake's monthly climatology allowed the effects of atmospheric plume 
exposure to be compared across lakes on a common scale, independent of differences in absolute 
temperature or seasonal variability. Standardized anomalies greater than ±2 standard deviations were 
classified as extreme events. These standardized anomalies were then assessed with the LMM to quantify if 
the impacts of plumes, and clouds, on lake quality measurements were statistically significant.

This analysis was subsequently extended to establish whether the influence of atmospheric plumes 
varied seasonally through the inclusion of a model including the interaction between plume presence and 
month. Type III analysis of variance (Anova) with Satterthwaite's approximation for denominator degrees of 
freedom, were used to assess the significance of main effects and interactions. Estimated marginal means 
were calculated for plume and non-plume observations overall and separately for each month. Pairwise 
comparisons between impacted and non-impacted observations within each month were used to identify 
periods during which atmospheric plumes were associated with the largest changes in LSWT anomalies. 
Ninety-five percent confidence intervals were calculated for all estimated effects. Model assumptions were 
evaluated by inspecting residual diagnostics, including residual normality, homoscedasticity, influential 
observations and model singularity. Model coefficients, confidence intervals and estimated marginal means 
were used to quantify the magnitude and direction of plume effects. In addition to the LMM analysis, 
contingency tables comparing the proportion of observations exceeding ±2 standard deviations between 
impacted and non-impacted conditions were analyzed using chi-square and Fisher's exact tests. The output 
of these analyses have been compiled and included in supplementary material provided with this 
manuscript.

3. Results

The following section will summarize the remote‐sensing observations that were derived in this work and 
subsequently incorporated into statistical and geospatial analyses, discussed in Section 4.

3.1. Plume observations

Remote investigation of the 2011–12 eruption of PCC resulted in the identification of 39 plumes with the 
MISR sensor (Figure 2Aii). Gaps in the plume observations were noted during this initial analysis (Jul–Aug & 
Sep–Oct 2011). MODIS was used to establish if these plume data gaps resulted from: quiescence in the 
volcanic eruption; observation errors associated with the non-global daily coverage of MISR; or an artifact of 
extensive cloud cover over the region. The daily assessment of MODIS observations (Figure 2Ai) highlighted 
that while cloud cover did impact plume observation periodically, consistent data gaps were not identified 
to align with the MISR record. MODIS data facilitated the assessment total nadir-visible area of the plumes, 
concurrent with the MISR observations (Figure 2Aii).

Ultimately multiple phases within the eruption were identified for this review (Phase 1: Jun–7 Jul; 
Phase 2: 14 Aug–12 Sep; Phase 3: 13 Sep–14 Feb) interspersed with inter-phase periods characterized by 
small near-vent plumes (Figure 2Ai):

Phase 1: MISR plume heights (Figure 2Aii) indicate that Phase 1 was characterized plumes that reached an 
altitude of up to 17 km (Figure 2Aii). These large (average—1,15,000 km2: Range—1600–6,65,000 km2), high 
altitude (Average—8.7 km; Range—2.7–17.2 km), events rapidly diminished, with plumes being confined below 
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an altitude of 6 km after the 6th July (31 days after first MISR-imaged plume) (Figure 1B). After the 6th July 
observations also become more sporadic with MISR (Figure 2A) suggesting a shift in eruption dynamics around 
this time. In a volcanological context, these periods of quiescence could relate to a reduction in the rate of magma 
upwelling in the subsurface conduits, increasing the time between explosive events and corresponding observed 
plumes (National Academies of Sciences (NAS) et al. 2017).

Phase 2: the second phase encompasses plumes emitted between 14th August and 12th September 
(Figure 2A). These show small to moderate plume extent (average—28,000 km2: range—350–1,29,000 km2) 
(Figure 1C). While these plumes occur within a distinct time period and display similar ejection altitudes the 
plumes themselves show two distinct size groupings. Three of these plumes are more comparable in size to 
the earlier eruption period (average—72,603 km2: range—32,000–1,29,000 km2), with the remaining plumes 
displaying an order of magnitude decrease in size (average—1900 km2: range—370–3600 km2), more 
characteristic of plumes emitted after September 2011.

Phase 3: the final phase (after 13th September 2011) is characterized by small eruption plumes (average— 
10,400 km2: range—511–2600 km2) (Figure 1D–F) emitted at or below 5 km in altitude (Figure 2Aii). While the 
plume altitude does not show the typical exponential decrease that would be the result of the expected 
reduction in explosive energy associated with the end of an eruption (Sparks et al. 1997; National Academies of 
Sciences, Engineering, and Medicine, 2017), the plume size does highlight a shift to smaller plumes over time, 
particularly evident after 19thJanuary 2012 (Figure 1E–F).

Overall, the emissions from PCC appear to shift from more explosive ash-rich eruptions (e.g. those containing 
larger, angular more absorbing aerosol components) to more effusive water/sulphate dominated plumes 
(e.g. those comprised of small, spherical, non-absorbing aerosols) based on review of existing literature (e.g. 
Bignami et al. 2014), and visual assessment of plume observations derived from the Multi-angle Imaging 
SpectroRadiometer (MISR) used in this work (selected examples available in the Supplementary material: For full 
plume results see data repository: Cordon Caulle Plume Data (2011-2012) – MISR/MODIS Satellite Retrievals). 
Local ground-based monitoring stations measuring PM10 levels, frequently exceeding daily and annual limits up 
until January 2012 (Elissondo et al. 2016), however plumes continued to be observed until March 2012 
(Figure 2a), suggesting the final months of the eruption (January–March 2012) were dominated by sulfate/ 
water plumes instead of the ash-rich emissions observed before January 2012.

3.2. Plume‒lake intersections

The MODIS plume review identified ~390 plume‒lake intersections, across 33 lake systems, for possible 
analysis in this work. Some of the lakes identified were impacted by a single long-range plume while other 
lakes near to PCC were impacted across the entire eruption period. Plumes extended across: Chile, 
Argentina, Uruguay and Brazil (Figure. 1). However, the reduction in plume dispersion extent during the 
eruption, meant that lakes in Brazil and Uruguay were only impacted in June, the first month of the 
eruption (Figure 1B). Ultimately, 17 lakes were identified in Chile and Argentina to have been impacted by 
more than one MISR-observed plume (Figure 2B–D). Eight of the lakes, spanning a range of distances from 
the volcano (35–185 km), were used to visually evaluate the impact of plumes on the daily CCI Lake 
observations (Figure 3). However, 11 lakes were identified to be impacted by multiple plumes and located 
within 1000 km of the volcano, making them appropriate for the statistical assessment of plume impacts on 
lake observations (Section 4.2). Finally, Lake Ranco (GLWD_416) was selected for detailed investigation of 
the pixel-scale impacts on CCI lake observations. Lake Ranco was selected as it had the highest frequency of 
MISR-plume observations, that correlated to available lake observations (Figure 2B), from which to assess 
the direct impact on lake observations (6). While one lake, Maihue (HYLA_10583), had more plume 
intersections (12; Figure 3), this location had more lake data masked out by the existing cloud mask, 
reducing the efficacy of using this location for detailed pixel-level analysis.

3.3. CCI lake data review

Lake CCI data (LSWT, Chl-a, Turbidity) was collated for the 17 lakes with a range of plume‒lake intersections 
identified. Overall, LWST was the most likely variable to be provided by the database, with Turbidity and Chl-a 
retrieval rates around 50% less than LWST. This initial analysis highlighted that the CCI cloud screening procedure, 
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that removes data when clouds are present and flags data errors, appears to be effective with 75% of MISR- 
observed plume days being removed from the LWST data record and 90% screen out in the Turbidity and Chl-a 
data (e.g. Figure 3C–E; Dark blue crosses). While Turbidity and Chl-a data were reviewed for each lake, they were 
not incorporated into the statistical analyses conducted within this study, as the effective removal of plume- 
impacted observations (90%) suggests that these datasets were less susceptible to the systematic bias 

Figure 3. In depth analysis of Lake HYLA-10583: (A) 20-year LSWT records; and 2011–2012 observations overlaid on 
derived “typical” values (generated the average and standard deviations at individual lakes during non-eruptive years: 
grey) for (B) LSWT; (C) Turbidity; and (D) Chlorophyll-a.
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subsequently noted in the LSWT. The reduced availability of “plume-impacted” observations also reduced our 
capability to distinguish statistically robust conclusions from these data.

A detailed review of Lake Maihue (HYLA-15083) was conducted as representative of the observed 
effects of plumes on lake observations. Lake Maihue is one of the closest lakes to the volcano, located 
~30 km from the volcanic vent and the highest number of MISR-observed plume/lake intersections 
(Figure 3). Figure 3B denotes instances where MISR-observed plumes impacted Lake Maihue (Dark 
Blue notations), with LSWT (Chl-a; Turbidity) observations being screened out in 9/12 (11/12; 11/12) 
MISR plume occurrences. The remaining three events for LSWT, in June & August 2011 and March 2012, 
remained consistent with “typical” values derived from historical averages (Figure 3B—Grey). There was 
only one day in which MISR-observed plume impacted days resulted in a measurement of turbidity and 
Chl-a (Dec 29th 2011). While the Chl-a does not appear impacted, the Turbidity is ~30% higher than the 
maximum expected value. While the cloud screening appears broadly effective when considering only 
the MISR-observed plumes, there are periods when data values fall outside the typical range but did not 
correspond to MISR-observed plume/lake intersections (Figure 3B—blue dashed area). A subsequent 
MODIS data review across the eruption period identified more persistent plume presence (see 
Supplementary material). When the MODIS visual analysis is expanded to the 302 days of the eruption 
the cause of these outliers becomes evident (Figure 3B). Of the seven outliers recorded between 
November and February, six were identified with MODIS imagery to have a plume directly over the 
lake on the day of observation. There was also an instance in March 2012 indicating the plumes 
continued to impact measurements even as plume became more diffuse. In the Turbidity measurements 
all four of the outlying observations were impacted by the presence of a volcanic plume (note: one 
turbidity measurement [Sept 25 2011] was impacted by both meteorological cloud and volcanic plume 
and is represented by a marker that is half blue and half white). It was also observed that there were times 
when clouds were present, but a measurement was still provided (Jun and Sep 2011). These observations 
highlight that the current method for screening out clouds is not always effective for either volcanic 
plumes or some meteorological clouds. Where these data are interpreted without an understanding of 
the underlying context or interference present, misrepresentation of the state of the environmental 
system is likely to occur. This would suggest the need to develop and deploy a quality flag to lake 
observations that are impacted by volcanic plumes.

There are two plausible possibilities for lake LSWT observations to be impacted by volcanic emissions, 
which could be occurring independently or concurrently. Firstly, plumes may be too diffuse to observe at 
the spatial scales employed, even when viewing a longer path length (e.g. that provided by MISR DF and 
DA cameras; examples provided in the supplemental material), but may continue to impact lake observa
tions. Alternatively, particles emitted from the volcano have been deposited into the lake and are having an 
ongoing impact on the lake quality parameters observed. While direct field observations of particle 
deposition and lake chemistry would be required to independently assess this latter mechanism, the 
temporal behavior of the available satellite observations provides an opportunity to assess whether 
persistent deposition provides a consistent explanation for the observed anomalies. This assessment is 
necessarily indirect, and the relative contributions of atmospheric plume interference and deposited 
volcanic material cannot be independently established without field observations. If the identified temper
ature shift was the result of deposited particles, then we would expect these outlier variables to occur 
across all observations in the affected time period at impacted lakes not just those corresponding to the 
presence of atmospheric plumes, pattern was not consistently observed, with the anomalies instead 
corresponding to observations of a plume or cloud. However, it was noted that observations were at 
the upper end of the expected range in the summer months at multiple lakes (Figure 4B, D, F, H). This was a 
pattern observed in LSWT records irrespective of proximity to the volcano. These higher-skewed tempera
tures in southern hemispheric summer are interpreted as the result of meteorological warming, as opposed 
to volcanological interference. Investigation of the climatological record of Chile indicated that 2011 
represented the beginning of a 12-year period in which the country experienced above average tempera
tures every year (IEA 2024). The sporadic nature of the anomalies and their temporal correspondence with 
the presence of volcanic plumes identified in the MODIS data record therefore provide greater support for 
atmospheric plume interference as an explanation for the outlying observations, although a contribution 
from deposited volcanic material cannot be excluded.
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To assess the wider-scale impacts of the plume, the visual analysis was extended to a further seven lakes 
in close proximity to the volcano. A similar, and in some cases, more pronounced pattern, was observed 
across the region (Figure 4A–H). In multiple cases, all outliers highlighted between September 2011 and 
February 2012 occurred on days when a plume was present over, or in close proximity to, the lake (Figure 

Figure 4. Timelines of remote lake temperature observations for the inter-eruption period of PCC (June 2011–April 
2012). Graphed observations (markers) are overlaid on expected monthly values (grey), derived from the average and 
standard deviation calculated across non-eruption years (2000–2020, inclusive). Outlying values were categorized by 
potential interference factors (blue triangle—volcanic plume; white diamond—cloud; with red outlines—feature near but 
not directly over in visual imaging for observation date). Individual lake location maps are included per plot with the 
corresponding lake highlighted in light blue, with the distance and direction to the lake center point is noted on each plot. 
Note: Temperature scales vary per plot.
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4B–E). The observation of effects even when the plume is not directly over the lake suggests that diffuse 
plumes are having an impact on remote lake measurements even when direct observation of the plume 
over the lake is not discernible (Figure 4A–H: blue triangle with red outline). The statistical analyses 
performed in Section 4.2 will explore these apparent correlations further.

4. Discussion

The initial results of this analysis highlighted visual evidence that the presence of transient volcanic plumes 
are having an impact on corresponding remote lake measurements. The remainder of this paper will 
investigate the significance of the patterns observed and posit the impacts and future directions for this 
research.

4.1. Proximity analysis

The distance of a particular lake from the center of volcanic activity appears to correlate to the number of 
observations that are filtered from the Lake CCI database (Figure 4). The PCC eruption occurred over 302 
days. Sample locations were included from a range of distances (30–1000 km from the source) to assess the 
impact of sporadic plume transport on locations with varying impacts.

On average, non-plume impacted periods (standardized to the eruption start and end dates) in this 
region have ~240 observations per lake with most cases screen out due to cloud. Our proximity analysis 
(Figure 5A) highlighted that for lakes closest to the volcano this count dropped to ~85 (35 km from source) 
with a broadly linear increase in observations with distance from the volcano to ~160 (150 km from source) 
(Figure 5Ai). Those lakes located further than 300 km from the source showed minimal/no effect of the 
transient plumes. Based on the data available from this location we provisionally propose that a threshold 
of 270 km be applied (based on the intersection of trendlines from impacted/non-impacted clusters: 
Figure 5Aii), beyond which we would not expect to see an impact from the volcano. Due to the limited 
number of lakes located in the 160–290 km distance range (Figure 5Aiii) in this region, we are unable to 
determine this distance threshold for plume influence with greater accuracy. The lakes were further 
segregated by direction from source (N, NE, E, SE, S and SW) to identify any effects that could be attributed 
to local meteorological variations (Figure 5Bii), such as known variations in the persistence and type of 
cloud features on either side of the Andes (Viale et al. 2019). The results indicate that irrespective of 
dispersion direction lake observations reductions broadly aligned with the distance from the source, but 
variability exists that is not explained by distance or direction alone (5Bi-iii). Therefore alternative explana
tions for observed variations were considered.

In theory, smaller lakes are more susceptible to being completely obscured by a plume if it is present, 
while larger lakes may remain at least partially visible therefore size should also be considered. Our results 
highlight that availability of LSWT records increased as lake surface area increased (Figure 5Bi). The spread 
of this data suggested that size alone did not control overall data availability. Consequently, we investi
gated the location of the lake relative to the volcano, in addition to lake area of the lakes. Dispersion 
direction and lake shape appeared to explain the spread of the data, with four groupings identified: Distant 
Lakes (Far), Northern/Narrow Lakes (North), Western/Broad Lakes (West); and the Outlier Lake (Figure 5Bii). 
While all three multi-lake groups show greater impact on smaller narrower lakes, the impact was observed 
to decrease with distance from the source, with trends showing log-linear characteristics with R2 values of 
0.96–0.99 (Figure 5Bii). The rate at which increasing lake size moderates the impact of plumes varies by 
group. Broad lakes to the west and the outlier lake to the east, show the most significant reduction in 
observations due to plumes. This greater susceptibility may relate to topographic constraints. Non-buoyant 
plumes and remobilized ash can become topographically constrained, channeling particles down valleys 
and into river channels (Flower et al. 2017b; Poulidis et al. 2018; Rave-Bonilla et al. 2023). At PCC, this may 
have channeled particulates to the “Broad Lakes” to the west, or down towards Nahuel Huapi (outlier: 
GLWD_343) to the east. However, plume-dispersion and wind modeling were not undertaken in this study, 
and the role of topography in producing these patterns remains an interpretation rather than a demon
strated mechanism. The variation in the influence observed in these results prevents the development of a 
simple, but accurate, plume-impacted-lake flag in this region. While it was beyond the scope of this study, 
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future work should include plume dispersion modeling to investigate how topography influenced plume 
dispersion during this eruption. Although, a crude data flag identifying observations within 270 km 
of the volcanic source could be employed, it would result in a significant number of false flags across 
the region due to topographic influences. Further, the threshold derived here may not be appropriate in 
other locations.

4.2. Efficacy of existing masking procedures

To assess the significance of the impacts of plumes on LSWT data, identified in Section 3.2, a LMM was 
employed (see Supplementary data for code and statistical output). These analyses identified that plumes/ 
clouds had more extreme standardized anomalies (Figure 6A) and overall had statistically significant 
influence on LSWT anomaly values (ANOVA: F₁,₁₃₄₇ = 15.66, p < 0.001). The impacted LSWT observations 
had significantly lower standardized anomalies than non-impacted observations (β = −0.220 ± 0.056 SE, 
t = −3.96, p < 0.001). However, upon visual inspection of the data (Figure 4A–H) it can be seen that the 
cloud observations had a greater negative impact than plume-impacted days. The analysis also noted a 
seasonal effect within the data which required further exploration. While the results were statistically 

Figure 5. (A) The number of LWST lake observations provided by the Lake CCI database when compared to: (i) distance and 
(ii) direction from the source, with the average expected observations rate (2000–2010, 2013–2020) indicated by the dashed 
blue line and the threshold indicated by the gray line; and (iii) corresponding lake location map for groupings; & (B) (i) lake size 
and (ii) shape/distance groupings, specifically Distant Lakes (Far), Northern/Narrow Lakes (North), Western/Broad Lakes (West); 
Outlier Lake (GLWD_343), with associated log-linear trendlines, equations, and R2 values and iii) corresponding lake map 
highlighting the groupings graphed.
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significant, they highlight only a moderate impact (−0.22 standard units) on the LSWT data, with significant 
variation between individual observations.

To assess the plume only effect, a subsequent analysis removed the cloud-impacted observations before re- 
running the analysis. These results showed non-significant effects of plumes on LSWT when no seasonality was 
considered (ANOVA: F₁,₁₁₅₅ = 1.65, P = 0.200). Plume days indicated slightly lower values, but these were not 
statistically significant. However, visual inspection (Figure 4A–H) and statistical tests highlighted seasonal 
variability across the LSWT times series. Therefore, an additional analysis was conducted to classify time varying 
effects.

A LMM with the LSWT as the response variable, and plume impact, month and their interactions included 
as fixed effects was developed. Lakes were included as a random intercept, allowing a separate estimation 
of individual lake anomaly baselines between location, particularly important in this study due to the range 
of lakes included with widely varying physical characteristics (e.g. depth, surface area, and local climatol
ogy). This study identified highly significant interactions between plume impact and month of observation 
(ANOVA: F9,1193.3 = 14.81, P < 0.001) with impacts varying substantially across the year (Figure 6B). Estimated 
marginal means were used to reveal seasonal differences in plume effects (Table 1) with a highly significant 
Impact*Month interaction (F₉,₁₁₉₃ = 14.81, P < 0.001) corroborating the visual observation that the influence 
of plumes changes substantially across the year (Figure 4A–H).

Across the analyzed lakes, the direction and magnitude of plume effects varied. However, the model 
output highlights that the seasonal patterns, summarized above, were present at all 11 lakes analyzed, with 
cooler-than-expected LSWT in Southern Hemispheric Winter (July–October) and warmer-than-expected 
temperatures in Southern Hemispheric Summer (December–March). It is noted that while February fell 
within the “warmer than expected period” the results were negligible in the LMM results. This is likely a 
result of a limited number of plumes observed during this period (Figure 2Ai), resulting in a smaller sample 
size, from which it was not possible to discern an effect. Ultimately, these analyses highlight that the 
impacts of transient plumes on the remote measurement of LSWT are not insignificant. Therefore, a data 
flag in these cases would be advisable.

4.3. Plume flag development

A preliminary assessment was conducted to identify if, using the atmospheric particle properties derived 
from MISR observations, it would be possible to distinguish between plumes and non-plume (clear skies 
and cloud cover) regions based on the data compiled for this location. The Random Forest (RF) classifier 
achieved an overall cross-validated accuracy of 78.1% (95% CI: 77.8%–78.3%), which was significantly higher 
than the no-information rate (51.7%; P < 2.2 × 10−16). The model demonstrated moderate agreement 
between predicted and observed classes (Cohen's κ = 0.600). Classification performance varied among 
the three classes. The model identified Plume observations most effectively, with a sensitivity of 84.6%, 
specificity of 76.8%, and an AUC of 0.893. Increasing the training sample from 50,000 to larger subsets (up 
to 350,000) produced only marginal improvements in classification accuracy (2%), indicating that model 
performance had largely converged. In contrast, the corresponding surrogate decision trees became 
substantially more complex (see Supplemental material), with additional splits and more branching 
structures impacting overall interpretability without providing commensurate gains in predictive perform
ance. Consequently, the smaller training subset was considered sufficient to capture the dominant relation
ships within the data while maintaining a more interpretable decision tree. While the identification of 
Plumes was the primary aim of this flag the accuracy of the Cloud and Background conditions are also 
important. Background observations were also classified with good performance (sensitivity = 77.6%, 
specificity = 84.4%, balanced accuracy = 81.0%, AUC = 0.897). In contrast, Cloud observations showed subs
tantially lower sensitivity (37.3%), although specificity remained high (98.4%), indicating that cloud pixels 
were infrequently misclassified when absent but were often confused with the other classes when present. 
The one-versus-rest ROC analysis indicated good discriminative ability for all classes (AUC = 0.838–0.892).

Variable importance analysis identified AOD as the most influential predictor by a considerable margin, 
followed by REPS, REPA, and FNSP (relevance ratio 9:5:4:4, respectively). AOD generated the first and most 
influential split in the data. Observations below the AOD threshold of 0.154 were predominantly classified 
as background (75%) and observations above this value were predominantly plumes (69%). Providing a 
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Figure 6. (A) Z-score density plot of standardized anomalies for impacted and non-impacted lake observations; 
(B) Comparison of monthly estimated standard anomaly for lake surface water temperature between plume impacted 
and non-impacted observations.

Table 1. Monthly differences in estimated standardized lake surface temperature anomalies between non- 
impacted and plume-impacted observations, derived from the linear mixed-effects model. Differences represent 
estimated marginal mean contrasts (non-impacted – impacted), with associated p-values. The apparent effect 
indicates whether plume presence was associated with relatively warmer or cooler lake surface temperatures.

Month
Difference 

(non−impacted) p-value Interpretation Apparent plume effect

January −0.836 4.6 × 10−8 Largest positive plume effect Warming
October 0.865 1.9 × 10−7 Strong negative plume effect Cooling
July 0.939 5.9 × 10−5 Strong negative plume effect Cooling
December −0.604 2.0 × 10−4 Strong positive plume effect Warming
March −0.777 2.7 × 10−4 Strong positive plume effect Warming
September 0.578 4.7 × 10−4 Negative plume effect Cooling
August 0.604 8.8 × 10−4 Negative plume effect Cooling
June 0.34 0.051 Borderline Negligible
February −0.490 0.095 Not significant Negligible
November 0.17 0.35 No evidence of an effect Negligible
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simple but generally effect threshold for the flagging of plume/non-plume events. Plumes within an 
intermittent AOD threshold range of 0.154–0.353 can be combined with FNSP values < 0.0051 to further 
distinguish background values. For observations with an AOD ≥ 0.353 a threshold of FNSP ≥ 0.0051 can be 
used to separate pure plume values for those with a cloud component. REPA ≥ 0.910 within the low-FNSP 
branch favored background, with REPA < 0.910 increasing the probability of an observation being a plume 
feature. Similarly, REPA < 0.973 combined with REPS ≥ 0.121 identified a terminal node that was 87.6% 
Plume, while REPS < 0.121 identified a node that was 97.2% Background. Cloud observations were primarily 
associated with high REPS values (≥1.25 and particularly ≥ 1.99) combined with high AOD (≥0.353) and low 
FNSP (<0.0051).

The plume flagging process can be summarized by the following steps (Figure 7D):

∘ AOD ≥ 0.154, especially AOD ≥ 0.353 
∘ FNSP ≥ 0.0051 
∘ REPA is below 0.910–0.973 
∘ REPS is above 0.121 μm

The emphasis on larger particle size (higher REPS), grater angularity (higher FNSP) and more absorbing 
components (lower REPA) identified with MISR, is indicative of ash components in volcanic plumes (Flower 
and Kahn 2020). This may cause the developed flag to only be applicable to ash-rich plumes. The 
composition variability of volcanic plumes would decrease the effective application of the derived flag, 
specifically as plumes shift from ash-dominated to sulfate-dominated components leading to a decoupling 
between the expected composition (large, absorbing particles) and that of the sulfate plume (small, 
spherical, non-absorbing characteristics: Flower and Kahn 2020). The configuration of this flag suggests 
it would be most effective in locations where plumes contain a significant ash component and would be 
less effecting where sulfate/water emission dominate like Kilauea, Hawaii and Holuhraun, Iceland (Flower 
and Kahn 2020, 2021). While there may be issues associated with volcanic sulphate emissions being missed 
by this flag, similarities in MISR RA retrievals of wildfire smoke, having high AOD and comprised of 
components up to 0.46 μm (Junghenn Noyes et al. 2020) and dust storms, characterized by AOD in excess 

Figure 7. Illustrative model of observed impacts of volcanic plumes on lake surface water temperature (LSWT) for: (A) 
direct intersection of lakes and plume observations; (B) near-but-not-over-lake plume observations; (C) lakes over 270 km 
from volcanic source show no impacts due to volcanic plumes; and (D) illustration of plume characteristics vital for 
automated data flagging.
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of 1 and large (>1 μm) angular components (Kahn and Limbacher 2025), suggest that the developed flag 
may also be applicable alternative transient atmospheric features. More research, incorporating a wider 
range of volcanic eruptions, is required to establish whether an effective flagging procedure could be 
employed for lake observations flagging in diverse volcanic regions, as well as to establish if it would also 
be effective at flagging wildfire smoke or dust storms events.

4.4. Pixel scale impacts

An in-depth analysis of plume impacts on lake observations was conducted at Lake Ranco (GLWD_416) 
(Figure 8). The results indicate that the influence varied depending on the density and composition of the 
plume present above the lake. During the early period of the eruption, when dense ash was more prevalent 
in the plume, lake observations were obscured, resulting in no data. However, in several cases lake 
observations were still available for areas impacted by a plume. In these cases, LSWT values displayed 
anomalies of up to −12 °C (Figure 8A and B). This is likely to reflect the influence of the plume on the 
thermal channels used to calculate LSWT (Carrea et al. 2023). Volcanic plumes are known to contribute 
interference in the thermal channels due to the specific absorption and scattering properties of common 
volcanic plume components (e.g. ash and sulfates) (Sellitto et al. 2023).

Later in the eruption period (12th January 2012), when plume observations shifted to water/sulfate-dominated 
emissions (see Supplementary information), the plume region was effectively masked out (Figure 8C). However, 
some lower-than-expected values were identified at the plume edge, suggesting that part of the plume was too 
diffuse to be resolved by remote sensing techniques but sufficiently dense to attenuate the lake signal. The final 
plume of the eruption period was identified in March (Figure 8D). MODIS observations indicate a narrow core of 
particles with MISR providing greater context, by revealing a fringe of diffuse particles around the central plume 
core (see supplementary material for examples of MODIS and MISR imagery). Pixel-level data were retrieved for the 
majority of the lake area. These observations highlight variations in the response associated with differences in 
plume density. Where the core of the plume overlaid the lake, the surface temperature observation was 
characterized by a reduction of ~2 °C, while the region impacted by the more diffuse plume indicates a reduction 
in recorded surface temperature by ~1 °C (Figure 8D).

When the observations at the lake scale and the pixel scale are combined we can infer three broad 
categories and their corresponding impacts (Figure 7A–C): lakes directly obscured by ash-rich plumes exhibited 
large reductions in lake temperature (4 °C–12 °C) where LSWT observations are available (Figure 8A–B); lakes 
near but not directly below plumes exhibited a moderate reduction in temperature (1 °C–5 °C) (Figure 8C–D); 
and lakes farther than 270 km from the source showed no evidence of impacts (Figure 5A).

5. Conclusion

This paper has overviewed the investigation of the impact of volcanic plumes, generated from a single 
volcanic source, on the remote observation of lake water quality parameters from space-borne instruments. 
The analyses indicate that while dense plumes are often screened out of the observation record (for LSWT, 
Turbidity and Chlorophyll-a), plumes that are too diffuse to trigger the integrated cloud mask they 
represent a significant source of uncertainty in satellite-derived lake surface water temperature observa
tions. Using the prolonged 2011–2012 PCC eruption as a case study, we combined ESA CCI Lake products 
with MODIS and MISR observations to quantify how volcanic aerosols impacted lake surface temperatures 
across 17 lake systems. The analyses show that current operational cloud masking procedures successfully 
remove most dense ash-rich plumes, however where masking was not effective LSWT displayed anomalies 
of up to a 12 °C. The cloud masking procedure frequently failed to identify more diffuse volcanic plumes in 
the region. These diffuse plumes were associated with biases in satellite-derived lake water quality 
observations, particularly LSWT, with observed anomalies of 1 °C–5 °C. Linear mixed-effects modeling 
revealed that the effects of plumes on LSWT were seasonally dependent, generating a cooling effect in 
winter months and warming effects in the summer. The variability in impact based on both plume 
characteristics and time of observation prevents the development of a single uniform correction factor 
for these observations.

GISCIENCE & REMOTE SENSING 19



The spatial analyses further highlighted the varying influence of volcanic plumes, with not only distance 
from the volcanic source but also prevailing meteorology, plume characteristics, and lake morphology 
influencing the impact observed on lake observation records. Topographic channeling may also have 
contributed to the observed spatial patterns, although this mechanism was not directly tested. Although 
plume influence appears to become negligible beyond ~270 km in the case of the 2011–2012 PCC eruption, 
regional variability prevents the adoption of a simple distance-based flag for potentially impacted data. The 
random forest classification developed here successfully distinguished volcanic plume, cloud and back
ground conditions with an overall accuracy of 78%, highlighting the potential for the future development 
of a quality flag. Further validation across other eruptions, geographical regions, seasons, lake types and 
satellite sensors is required to establish the wider applicability of these findings and support the 

Figure 8. Pixel-level data of lake temperature anomaly (degrees from 2000–2020, non-plume-impacted average) for Lake 
GLWD_416 (Ranco Lake, Chile), with indications of the location and extent of plumes imaged by the MODIS (gray) and 
MISR (orange) on four key dates (A) 25th June; (B) 4th July; (C) 12th January; and (D) 7th March. These pixel scale 
observations provide context for the lake scale observations made earlier in this analysis ( Figure 4a–h). The varying 
impacts of plumes overlaying lakes when observed by optical satellite instruments results in a wider range of observation 
values, relative to the density of the overlying plume. At the lake scale, this manifests as a wider standard deviation in the 
observations ( Figure 4A–H—vertical error bars) when compared to unaffected lake observations.
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development of a robust quality flag. Further work should also investigate more varied volcanic plume 
compositions and extend this analysis to other transient atmospheric features, including wildfire smoke and 
dust storms.

Collectively, the results indicate that diffuse volcanic plumes can introduce biases into satellite-derived 
datasets under the conditions observed during this eruption, which may be misinterpreted as genuine 
environmental change if left unidentified when disseminated. However, the interpretation of these 
anomalies as atmospheric plume interference is based on their temporal and spatial correspondence 
with observed volcanic plumes, rather than independent field validation. In the absence of direct measure
ments of ash deposition and lake chemistry, a contribution from deposited volcanic material cannot be 
definitively excluded. Due to the complexity of this issue, it requires further study before a flag can be 
generated for inclusion in the CCI Lake database. However, similarities between MISR-derived particle 
properties of volcanic plumes, wildfire smoke and dust storms suggest that there is scope to expand this 
analysis to incorporate a range of transient plume sources.
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