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Abstract. Quantitative analysis of environmental phenomena increas-
ingly relies on image-based measurements. In volcanology, the geometric
characterization of volcanic plumes and clouds from RGB images re-
mains hindered by the scarcity of dedicated segmentation solutions and
partially handcrafted annotations remain widely prevalent. We present
GuidedSA M-Plume, an open-source expert-guided framework tailored for
the interactive segmentation of volcanic plumes and clouds. It leverages
the zero-shot, spatial prompt-based capabilities of SAM2. The frame-
work was thoroughly validated on a challenging dataset through dedi-
cated segmentation metrics and field-relevant volcanological descriptors.
From minimal user inputs, it is able to significantly increase performance
compared to fully automatic dedicated solutions while preserving the re-
liability of derived volcanological parameters. The absence of retraining
requirements lowers adoption barriers within the volcanological commu-
nity, and the framework’s demonstrated suitability for complex, diffuse
plume-shaped phenomena extends its applicability to broader environ-
mental science domains. The re-annotated dataset, produced under the
guidance of expert volcanologists within the proposed framework, ulti-
mately yields a more standardized release. The framework and accom-
panying dataset are made available at https://github.com/tad-damo/
GuidedSAM-Plume.
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1 Introduction

Across scientific domains, image segmentation is a core task enabling down-
stream analysis of natural phenomena [35]. In fields from biomedical imaging [29]
to environmental monitoring [37], binary masks are a critical prerequisite for
quantitative characterization of observed objects. This work aims at leverag-
ing recent computer vision advances to benefit environmental sciences, with a
concrete application to volcanology. Explosive volcanic eruptions produce ash
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plumes and clouds, influencing atmospheric processes and impacting environ-
ments from local to global scales. Segmentation is of crucial importance in that
field as delineating plumes allows for the quantitative analysis and retrieval of
real-world physical parameters, such as plume morphology, spatial extent, and
temporal dynamics [32]. However, automated plume segmentation in visible im-
agery remains limited due to scarce contributions [11,37] and deep learning
solutions have not yet reached widespread adoption in this domain. Traditional
threshold-based algorithms are sensitive to contrast conditions, leading many
volcanologists to rely on partly handcrafted masks. In these conditions, obtain-
ing segmentation masks not only requires considerable annotation effort but
also leads to inconsistencies across datasets produced by different operators, due
to a lack of methodological standardization. This introduces subjective biases
when comparing studies [2]. Meanwhile, research in computer vision has demon-
strated strong capabilities for the segmentation task [34] and has progressed
toward foundation models [4], achieving high generalization performance across
a wide range of applications, as exemplified by the Segment Anything Model
(SAM) |18]. We were led by the hypothesis that, despite the inherent complex-
ity of volcanic plumes, such advances should render their analysis more tractable
even in data-limited settings.

The main contributions of this work are as follows:

1. Efficient interactive segmentation framework for volcanic plumes
and clouds We introduce GuidedSAM-Plume, an open-source interactive
segmentation framework designed through quantitative analysis and close
collaboration with volcanologists to address actual operational needs. It en-
ables reliable and reproducible plume delineation in both images and video
sequences, maintaining refinement control while substantially reducing an-
notation costs, by leveraging the zero-shot capabilities of SAM2 (28] within
an expert-in-the-loop strategy. The eliminated requirement for extensive re-
training should lower adoption barriers for volcanology and broader environ-
mental monitoring applications facing similar challenges.

2. Standardized dataset A novel dataset is released comprising 47 observa-
tional sequences totaling 759 annotated frames drawn from multiple eruptive
events, representative of data typically employed in volcanological studies.
Initially to evaluate the framework, the dataset was re-annotated under vol-
canologist guidance following the structured workflow. The resulting seg-
mentation masks demonstrated adequate quality for downstream analysis
and being inherently more standardized than those produced by multiple
independent annotators, both annotation versions have been made publicly
available.

3. Validation for real-world science The effectiveness of the framework
is demonstrated through segmentation quality assessment against the man-
ually annotated ground truth of the aforementioned dataset. Beyond stan-
dard metrics, outputs are further validated via application-driven evaluation
based on the extraction of geometric and physical plume descriptors, sup-
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porting both the validity of the proposed framework and the relevance of the
standardized dataset for real-world volcanological applications.

The segmentation framework GuidedSAM-Plume as well as the dataset have
been made publicly available at https://github.com/tad-damo/GuidedSAM-Plume.

2 Related Work

2.1 Volcanology-dedicated solutions

While visible-wavelength cameras are widely deployed on volcanoes for moni-
toring purposes [1132], dedicated image segmentation solutions for the scientific
analysis of volcanic eruptions remain limited. Early semi-automatic approaches,
such as the Plume Ascent Tracker [36] and PlumeTraP [32] require substantial
manual effort and are strongly dependent on operator input for segmentation.
Initial deep learning approaches remained volcano-specific, targeting individual
sites such as Mount Etna (Italy) [12] or Sabancaya (Peru) [7]. Wilkes et al. [37]
attempted to address this limitation with three UNet- [29] or FPN-based [19] ar-
chitectures designed to generalize across multiple volcanoes without retraining;
however, the limited size of their training and validation datasets suggests that
reported performance may overestimate real-world applicability. More recently,
VigiaPlume-Net |11] leverages DINOv2 [24] for fine-grained six-category segmen-
tation. However, the highly variable imaging conditions and dynamic irregular
plume structures limit fully automated approaches for static image segmentation
and should motivate methods exploiting video sequences for better spatiotem-
poral characterization. Furthermore, while other scientific domains benefit from
dedicated segmentation platforms, for instance AnnotatorJ [14] within the widely
adopted ImagelJ ecosystem [30] for microscopy, no comparable solution currently
exists for volcanic plume analysis.

2.2 Interactive Segmentation

During the last decade, deep learning has become the dominant paradigm for
image segmentation, progressing from convolutional [8,21] to transformer-based
architectures [9,10] with remarkable performance gains across wide range of ap-
plications. Fully-automated approaches require large annotated datasets, costly
training, and offer limited output control. Interactive segmentation has emerged
as a compelling alternative |15//3338], offering a better balance between annota-
tion effort and output quality through iterative refinement, as demonstrated by
frameworks such as Ilastik [3]. Interactive segmentation offers a favorable bal-
ance between annotation effort and output quality through iterative refinement,
making it particularly attractive for complex, expert-guided tasks |2]. The more
recent emergence of foundation models further transformed the field by introduc-
ing large-scale models designed to generalize across tasks and domains [41/10,27].
In this context, the Segment Anything Model (SAM) represents a major step
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Fig. 1. Overview of the GuidedSAM-Plume framework and its workflow. For still im-
ages, segmentation is initialized with a bounding box (top left) and iteratively refined
using foreground and background point prompts (top right). For video sequences, the
process is initialized on a representative keyframe near the middle of the sequence (bot-
tom left), followed by temporal tracking and refinement through additional keyframes
(bottom right).

toward universal image segmentation. It enables zero-shot segmentation without
task-specific training, relying on flexible user prompts such as bounding boxes,
points, or coarse masks . Its architecture combines a vision transformer-
based image encoder, a prompt encoder, and an efficient mask decoder. SAM
has been widely adopted and has inspired numerous derivatives .
Its successor, SAM2, further improves spatial coherence and additionally enables
segmentation videos thank the addition of a memory bank and memory atten-
tion module . More recently, SAM3 @ goes beyond simple spatial prompting
by introducing textual referring segmentation and exemplar prompts.

3 GuidedSAM-Plume

The GuidedSAM-Plume framework follows a standardized interactive procedure
designed to minimize user effort while preserving expert control. The expert-
guided workflow of the framework is presented in Fig. [I The system supports
both individual images and image sequences: in the case of single images, each
frame requires user interaction, whereas for sequences, tracking functionalities
significantly reduce the level of manual input. The guidance signal is provided in
the form of spatial prompts, including bounding boxes as well as positive points
within the plume and negative points in the surrounding background. These
prompts can be combined to enable flexible refinement. Refinement constitutes
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a central component of the framework. Owing to the inherent complexity of
volcanic plume imagery, segmentation outputs may not fully capture the physi-
cally meaningful plume extent. In such cases, the operator can iteratively refine
the segmentation by providing additional sparse annotations. The segmentation
mask is updated accordingly until it accurately represents the observed plume
geometry. For temporal sequences, refinement can be further improved through
interaction with additional keyframes, thereby enhancing tracking performance.
As presented later in Section [5.3] quantitative analyses indicate that an effective
strategy consists in initializing the interaction with a bounding box enclosing
the target plume, followed by incremental refinement through the addition of
point-based prompts to correct observed errors. Regarding image time series
or video data, it is recommended to initialize the workflow on a representative
frame located near the middle of the sequence due to the high variability of
plume structures over time.

Workflow interface To support an efficient workflow in real-world applications,
the GuidedSAM-Plume framework required to be released along with a dedicated
operational interface. Built upon the open-source SAM2 Demo codebase , it

Fig. 2. Presentation of the GuidedSAM-Plume interface and its workflow. It includes
keyframe prompting for sequences (A), mask propagation across frames (B), handling
of individual images (C), and data export functionality (D).

advances beyond existing SAM?2 interfacing platforms [13][1622], offering a dedi-
cated, fully functional interface specifically tailored for volcanic plume and cloud
analysis. Its design is intentioned to support real-world usability. Notable added
features include still image and sequence segmentation, multi-type prompt inte-
gration, segmentation export along with volcanology-specific metrics computa-
tion. An overview of the interface is shown in Figure[2] and full technical details
are provided in the open-source repository. This workflow interface completes the
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framework that effectively integrates expert knowledge into the interpretation
of complex and ambiguous plume structures.

4 Evaluation Method

4.1 Protocol

SAM?2 assessment Effort was devoted to first validate a SAM2-based frame-
work, and ensuring that it is reliable for the analysis of volcanic plume im-
agery. SAM2 inferences were performed using the largest variant of the improved
checkpoints from the version 2.1 [23] released on September 29, 2024 (denoted
sam2.1_hiera_large). The mask with highest confidence score was systemati-
cally selected among the three candidate outputs |28]. The proposed framework
was benchmarked against available literature solution, namely the three archi-
tectures from [37] and VigiaPlume-Net [11], with the latter evaluated on its
eruption column class. Final masks produced through expert volcanologist guid-
ance within the proposed framework were additionally evaluated.

Further, realistic maximal expectations were estimated determining the min-
imal error owed to the intrinsic architecture. Segmentation models commonly
produce output logits at a reduced resolution relative to the input; in SAM2,
this downsampling factor is fourfold. They are subsequently upscaled to the
original image resolution using bilinear interpolation and then thresholded to
generate binary masks [28]. To quantify the associated loss in performance, the
ground truths were successively downscaled to the input resolution (1024 x 1024),
then to logits dimensions (256 x 256) before being upscaled to the original im-
age dimensions, following the same resolution transformations as in the internal
processing of SAM2.

Workflow establishment Once the reliability of zero-shot capabilities from
SAM2 were validated, different workflows were assessed to determine conditions
leading to optimized prompting. Experiments were conducted for static images
by observing the response of the model to different combination of bounding
box and point-based input prompts. The rough mask prompting capability of
SAM2 [28] was not considered, as it requires extensive annotation effort and
is less suited for lightweight workflows. A maximum of five prompts per image
were evaluated. The effects of randomly placed points and spatially predeter-
mined points, such as the brightness point of the distance map, were compared.
In random settings, metrics were averaged over 5 independent draws. Beyond
static images, SAM2 supports the propagation of user-defined prompts across
frames, enabling temporally consistent segmentation of video sequences from
minimal initial input [28]. This capability was evaluated by supplying manually
annotated masks as prompts on selected keyframes and assessing propagation
quality on the remaining frames, thereby enabling both the evaluation of video
propagation performance and the identification of an optimal keyframe prompt-
ing strategy. Additional analyses were performed to characterize the impact of
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using the framework on volcanological applications. These aspects are discussed
further in Section [5.3]

4.2 Metrics

First, standard computer vision metrics derived from the counts of true positives
(TP), true negatives (TN), false positives (FP) and false negatives (FN) were
employed. Specifically, we report accuracy (A), precision (P), recall (R), dice
coefficient (D), jaccard index (J), fl-score computed at one-pixel contours (F)
and the J&F measure, average of the J region similarity and F' contour measure
[26]. They are defined as:

B TP + TN p_ TP n__ TP
"~ TP+ TN + FP+ FN’ ~ TP+ FP’ ~ TP+ FN’
2.P-R TP J+F
— i J=— - F = Deoontowrs  J&F = 21—
P+ R’ TP+ FP+ FN’ Contou 2

Second, to consider the relevance of segmentation results for volcanological ap-
plications during the assessment, geometric and morphological descriptors are
extracted from the masks to quantify deviations from handcrafted annotations
in downstream analyses. We consider aspect ratio (AR), convexity (CVX), and
solidity (SLD) [31], defined as:

FD,; P A
min - oyx = SPan - gpp - SAu

AR = —_—.
FDoy’ CPwm SAcu

where FDax and FDy,, are the maximum and minimum Feret diameters |20,
while CPcy and SAcy denote contour perimeter and surface area of the convex
hull, and CPy; and SAy; those of the mask. Perimeter, area and convex hull were
measured using the OpenCV library [5]. Feret diameters were computed using
an implementation inspired by ImageJ algorithms [30].

From these parameters, we introduce new metrics defined as the comple-
ment of the absolute relative error. The complement is taken for consistency
with other evaluation metrics, such that higher values uniformly indicate better
performance. Specifically, for a given parameter X, the metric is defined as:

Xe—=1_— ‘Xprediction — Aground truth'
Xground truth

We report ARe, CVXe, and SLDe. These metrics are used to provide an agree-
ment for volcanology parameters between predictions and ground truth.
4.3 Dataset

The dataset includes images of volcanic ash plumes and clouds acquired from
ground-based camera systems during field campaigns and monitoring explosive
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Fig. 3. Dataset samples presenting three keyframes of four distinct sequences.

Table 1. Segmentation performance metrics (%) for volcanic plume segmentation,
comparing Wilkes et al. [37], VigiaPlume-Net , and SAM?2 .

Method A P R D J F | J&F | ARe |CVXe| SLDe
WhenseNet121+UNet m 97.57 1 55.56 | 67.32 | 50.64 | 42.43 | 2.80 | 22.61 | 67.60 | 78.91 | 78.89
Winceptionv3+UNet |§_7_]—_ 97.88|65.59 | 63.79 | 52.53 | 45.41 | 4.39 | 24.90 | 65.59 | 74.63 | 76.74
WEfficientNetBo+FP]\Z@] 96.72 | 58.45 | 59.73 | 42.37 | 36.07 | 3.65 | 19.86 | 61.15 | 71.96 | 74.54
VIGIA-PlumeNet |11]— 98.35|93.69| 42.57 | 43.15 | 37.85 | 6.33 | 22.09 | 47.45 | 49.65 | 52.22
SAM2 (1 point prompt) @ 96.84 | 85.88 |83.25|78.68|71.24| 7.23 |39.23|84.76|87.7891.79

[ GuidedSAM-Plume Workflow[[99.54]93.34[90.35[91.13[84.69[12.89]48.79[92.02[90.93[93.01 |

eruptions. It consists of 47 manually segmented time-series sequences totaling
759 frames, with a mean sequence length of 16 frames and a mean spatial res-
olution of 2996 x 1685 pixels. The sequences span a wide range of conditions,
including varying viewing angles, illumination, occlusions, and weather, as well
as diverse plume dynamics from early formation (rising plume state) to fully de-
veloped structures (cloud dispersal state). Although modest in size, the dataset
is representative of the data scarcity typically encountered in volcanological field
conditions, with annotations carefully designed to capture the physically mean-
ingful extent and morphological characteristics of the plumes. The dataset is
made publicly available alongside a re-annotated version produced under the
supervision of a single volcanologist within the GuidedSAM-Plume framework.
Figure [3] presents a representative grid of samples from four video sequences
included in the dataset.

5 Results

5.1 Comparison with fully automatic methods

Quantitative analysis The GuidedSAM-Plume workflow was compared against
existing dedicated fully automatic solutions for volcanic plume and cloud seg-
mentation as well as a single-point SAM2 baseline. Following the protocol de-
scribed in Section inference was performed for the models proposed by
Wilkes et al. and Giffard-Roisin et al. [L1], as well as for SAM2 with a
single randomly selected positive prompt (drawn from within the ground truth
mask). Results are reported in Table While VigiaPlume-Net achieves the high-
est accuracy and precision, it underperforms notably on recall and volcanological
metrics. Even without any refinement, SAM2 considerably outperforms existing
solutions, demonstrating the value of exploiting its zero-shot capabilities for
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Fig. 4. Qualitative comparison of segmentation outputs across models on the most
challenging scenes of the dataset. Ground-truth annotations are shown in blue and
outputs in red.

volcanic plume segmentation. An overall lower performance is observed on the
boundary-sensitive F' measure across all methods, though SAM2 also achieves
higher scores on this metric and results further show that it can be improved on
a case-by-case basis. In this regard, final results obtained with the full expert-
guided GuidedSAM-Plume framework are also reported, showing considerable
additional improvements over the fully automated methods and confirming that
targeted expert refinement further enhances segmentation performance of SAM2.
The observed performance gains substantiate that the additional annotation
effort required by the framework is well justified, supporting its adoption for
quantitative volcanological studies.

Qualitative analysis of challenging scenes Visual inspection of segmenta-
tions, particularly in the most challenging scenes, is necessary to better interpret
the relative effectiveness of the compared models and the significance of observed
metric discrepancies. Figure [4] presents the scenes yielding the worst segmenta-
tion results under the GuidedSAM-Plume framework. In these cases, degraded
performance is primarily attributable to highly diffuse boundaries, heteroge-
neous opacity, small plume extents amplifying relative errors, or out-of-focus
imagery. It is worth noting that under such conditions, plume delineation may
vary between human annotators and therefore does not necessarily reflect a strict
segmentation error. Given the acceptable produced segmentation even in these
conditions, a further advantage of the proposed framework lies in its ability to
standardize ambiguous delineation decisions and reduce inter-annotator variabil-
ity. For the same scenes, the models of Wilkes et al. exhibit a tendency to
generate spurious plume detections on background regions. VigiaPlume-Net
systematically produces staircase boundary artifacts that fail to preserve plume
geometric characteristics, limiting its suitability for downstream quantitative
analysis.

5.2 Maximal expected performance

To better quantify the intrinsic limitations of the proposed framework, down-
scaling and reupscaling manipulations where performed on ground truths as de-
scribed in Section [4.1] The resulting performance over the metrics between the
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Table 2. Best achievable performance and minimal error for morphological descriptors
(%). Poor performances are highlighted in bold.

Segmentation metrics
A P R D J F J&F ARe CVXe SLDe
99.97 99.09 97.64 98.05 96.77 38.08 67.43 98.43 93.55 97.4
Morphology parameters
mean absolute relative errors mean signed relative errors
CPm CPcu SAMm SAcu FDmax FDmin|| CPv CPcon SAM SAcu FDmax FDmin
7.44 2.06 1.45 3.40 2.04 2.04 ||-7.44 -2.06 -1.37 -3.40 -2.03 -2.03

original ground truth and the downscaled then re-upscaled ones are reported in
Table 2} The most critical errors to consider are those affecting the volcanologi-
cal descriptors, as these directly reflect the impact on downstream analyses. To
better characterize degradation trends, both absolute and signed relative errors
with respect to the ground truth are reported for the underlying morphological
descriptors from which these metrics are derived. For most metrics, the loss is
negligible but large discrepancies are observed in metrics that rely on edge mea-
surements, i.e. F', J&F and CVXe. This is expected, as boundaries are highly
sensitive to scaling processes. The contour perimeter, convex hull perimeter and
area exhibit identical mean relative and absolute errors, indicating a unidirec-
tional and consistently negative bias. Notably, the magnitude of the perimeter
bias is consistent with loss on convexity exceeding 6%, while errors in solidity
are primarily driven by a slight underestimation of the convex hull area. These
observations reveal an unavoidable smoothing effect intrinsic to the SAM2 ar-
chitecture. Thus established lower bound on performance provides a reference
baseline for the evaluation of empirical results.

5.3 Workflow establishment

Prompts efficiency Representative results of SAM2 across various prompt
combinations are reported in Table [3l When using a single prompt, a bounding
box consistently outperforms a single positive point. Note that negative points
are not meaningful in this single prompt setting. No significant performance dif-
ference was observed between a randomly selected point and one located at the
center of the distance map. These findings align with observations reported in the
original SAM study [18] and underscore the value of an expert-guided strategy,
where prompts are informed by domain knowledge rather than predetermined
spatial patterns. When no bounding box is included, overall segmentation per-
formance declines markedly, even when four to five point prompts are provided,
while precision remains relatively stable. This suggests that the segmentation
workflow should be designed such that operators initiate the process with a
bounding box, which provides a strong spatial prior. Furthermore, as shown in
the lower section of Table [3] supplementing the bounding box with randomly
placed points yields no significant improvement; the best results are consistently



GuidedSAM-Plume 11

Table 3. Comparison of segmentation results across different prompt configurations,
combining foreground points (FP), background points (BP), and bounding boxes (BB).
When applicable, the center corresponds to the brightest point in the distance map.

[ FP _BP BB A [ P | R | D[ J |F [J&F[ARe[CVXe[SLD¢|

Single 0 0 True(|99.3(89.0/93.4|89.9|83.4|7.8|45.6(91.8| 89.3 | 94.2
prompt 1(center) 0 False|| 97.5|87.2|84.1|80.6|73.0|7.4|40.2|85.2| 87.8 | 91.8
1 0 False|| 96.885.9(83.2|78.7|71.2|7.2|39.2|84.8| 87.8 | 91.8

No 5 0 False|| 98.1|87.0(89.9(85.0|78.2|7.5|42.8|89.7| 88.3 | 93.0
bounding 4 0 False|| 97.7|86.6(89.5 |84.3|77.4|7.5|42.5|89.2| 88.3 | 92.9
box 4 1 False||98.4|87.0|88.7|84.3|77.1|7.4|42.3|89.2| 88.3 |93.1
3 1 False||98.4|87.5(88.0|84.2|77.1|7.4|42.3|89.0| 88.3 | 93.0

0 1 True|| 99.3 |89.2(93.1 90.0 |83.4|7.8/45.6|91.8| 89.3 | 94.2

Best 0 0 True(|99.3(89.0/93.4[89.9|83.4|7.8/145.6(91.8| 89.3 | 94.2
results 1 2 True||99.5|88.9(93.7|90.1|83.6|7.7|45.6|92.0| 89.5 | 94.4
1 3 True|| 99.4 |88.8193.7(90.1|83.6|7.7(45.6|91.9| 89.5 |94.4

Table 4. Video propagation performance depending on the position of the prompted
frame in the sequence (%). First refers to the first frame that is not purely background
in the sequence.

Prompted keyframes A P R D J F | J&F | ARe |CVXe| SLDe
First 99.30 [95.53| 74.85 | 77.84 | 71.22 | 12.52 | 41.87 | 79.08 | 79.65 | 83.34
Middle 99.53|91.55(92.03|89.72|84.38|14.40|149.39|91.14| 86.26 |91.45
Last 99.31 [ 89.86 | 90.68 | 87.96 | 82.40 | 14.32 | 48.36 | 89.95 |86.57| 91.21

[Middle + First + Last[[99.63]92.97 [94.26]92.87[87.91[17.74[52.82[93.91[88.45[93.76

obtained with a bounding box complemented by a small number of selectively
placed points, with a preference for background points. Unnecessary or excessive
point prompts may in fact be counterproductive. Point prompts should therefore
be incorporated iteratively and selectively, targeting regions where refinement is
genuinely needed rather than maximizing the number of prompts. These results
emphasize that an expert-guided approach, initialized with a bounding box and
complemented by selective point prompts, provides the most efficient and reliable
strategy for SAM2-based segmentation of complex natural structures.

Video propagation assessment We assessed the quality of mask propagation
depending on the annotated keyframes. In Table[d] we present the results of the
different propagation performances as a function of the position of the prompted
frame, averaging the results over the remaining frames in the sequence. Propaga-
tion was initialized from ground-truth masks as input, reflecting an interactive
setting in which an expert can readily refine the input mask prior to propa-
gation. Results indicate that propagation performance remains relatively stable
across video sequences. Notably, the boundary F-score exceeds those previously
observed for static image segmentation, suggesting that temporal propagation
does not degrade contour accuracy compared to what can be achieved on a single
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frame. Initializing propagation from the beginning or end of the sequence yields
comparable trends, though performance is lower when starting from the first
frame, likely due to the limited spatial extent of the plume in early sequence
stages. A slight advantage is observed when initializing from a middle frame,
where the plume is already sufficiently developed and fewer frames are subject
to error propagation. Last line in the Table [4] show that performance is further
improved when propagation is initialized from the middle frame and subsequent
keyframes are added. Overall, SAM2 video propagation proves reliable and well-
suited to real-world conditions. For practical use, initializing propagation from
a middle frame is recommended, with targeted expert refinement applied as
needed.

Impact on volcanological applications We investigated the impact of masks
produced by the GuidedSAM-Plume framework on downstream volcanological
analyses. As previously reported in Table[l] all metrics derived from volcanolog-
ical parameters exceed 90% with the complete workflow, indicating reliable per-
formance. To further characterize this agreement, we examine two elementary
descriptors underlying the presented volcanological parameters: plume perimeter
and area. Their deviations to manually produced reference masks, as a function
of these quantities, are presented in Figure o} A predominantly negative devia-
tion is observed for perimeter of masks produced with the framework, reflecting
a boundary smoothing effect that becomes more pronounced and dispersed with
increasing plume size. A similar trend being observed for area, the boundary
smoothing effect is predominantly concave; in other words, mask boundaries
mostly manifest an inward contraction. These tendencies warrant careful con-
sideration when exploiting GuidedSAM-Plume outputs for downstream quan-
titative analyses. Nevertheless, the observed deviations remain proportionally
small, particularly for area estimates which are less sensitive to contour errors.
Moreover, such deviations are arguably better controlled through a standard-
ized framework than the inter-annotator variability inherent to purely manual
annotation.

6 Discussion and conclusion

GuidedSAM-Plume introduces a validated interactive segmentation framework
for volcanic plume and cloud analysis, combining automated processing with
expert-guided refinement of ambiguous regions. It offers a balance between ex-
pert intervention and processing efficiency compared to existing workflows, while
maintaining strong agreement with ground-truth segmentation and preserving
the reliability of derived volcanological measurements. In practice, expert an-
notation time was reduced from approximately 2 hours to 5-10 minutes per
10-frame sequence, varying with image resolution and scene complexityﬂ More-
over, deviations observed with manual masks in morphometric parameters that

! Improvements observed on a workstation equipped with an NVIDIA GeForce RTX
4080 (16 GB vRAM) GPU.



Perimeter

GuidedSAM-Plume difference with manual masks

GuidedSAM-Plume 13

Area

GuidedSAM-Plume difference with manual masks

500

= o & o R
3 .
= S Lk Qe
S -s00 c @ §35° .
k= % -100k  Yqe o S L
. .
S -1000 = * O
é 3 150k Ve o G .
S 200k o I
@ -1500 9 J
.
5 %o P S 250k 5
5 -2000 o o g
= ®*° g -300k
O 2500 (oS S 0O 350k
Soe i 400k o2 T
0 2 K 6k 8k 10k 0 0.5M ™ 15M oM

Manual mask perimeter (px) Manual mask area (px2)

Fig.5. Deviation of perimeter (blue) and area (red) estimates derived from
GuidedSAM-Plume masks with respect to manually annotated reference masks, as a
function of the reference values. Each marker corresponds to an individual annotated
frame.

directly influence volcanological analyses remain controlled and predominantly
systematic in direction, which strengthens the overall reliability. Correcting for
these systematic biases in downstream analyses represents a promising direc-
tion to further improve the accuracy of derived volcanological measurements.
Further validation on second-order parameters, including real-scale plume di-
mensions and dynamic properties, would be valuable to more comprehensively
confirm the robustness of the framework for operational applications.

It should be noted that the present contribution is subject to several limi-
tations. Refinement capabilities are inherently bounded by the design of SAM
models, which were trained on a limited number of input points or short video
sequences [18}28]. Moreover, although it improves upon fully automatic meth-
ods, it cannot dispense with expert intervention. The modest dataset size nar-
rows the scope of quantitative evaluation, notably the relatively short size of
temporal sequences. These limitations reflect the typical constraints inherent to
volcanological studies. Nevertheless, wider adoption of the framework has the
potential to facilitate the expansion of available data in this domain. In order
to address the broader needs of the volcanological community, future develop-
ment should integrate real-scale physical metric conversion, and incorporating
multi-scale processing capabilities spanning from plume-level to particle-level
characterization within a unified workflow.

Overall, the results highlight the potential of zero-shot foundation models
to improve the reproducibility and efficiency of segmentation-based analysis for
volcanology despite limited data availability. The absence of requirements for
heavy domain-specific retraining is expected to encourage adoption within the
volcanological community. The proposed framework has already been effectively
deployed under real-world settings by volcanologists to produce the standard-
ized re-annotated version of the released dataset. Both the open-source interface
and the novelly annotated dataset are intended to foster broader contributions
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and future works. The demonstrated stable performance across diverse plume
morphologies and challenging imaging conditions, suggests strong generaliza-
tion potential beyond volcanology. Applicability may extend to plume-shaped
phenomena across a wide range of environmental contexts, including aeolian
dust remobilization, atmospheric clouds, wildfire smoke, but also anthropogenic
plumes such as smokestack emissions and industrial fires.
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