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Simple Summary

Satellite radar images are widely used to monitor ground deformation related to earthquake and
volcanic activity. However, interpreting these images usually requires specialized expertise and careful
manual inspection. As the volume of satellite data continues to grow, analyzing these images quickly
and consistently becomes increasingly challenging. In this study, we investigate whether modern
artificial intelligence models can automatically produce written descriptions of satellite radar images.
By training computer vision and language models on previously labeled examples, the system learns
to associate visual patterns with meaningful textual explanations. The results suggest that these
models can capture important features of deformation and generate useful descriptions of the images.
This work represents a first step toward automated interpretation tools for large-scale geophysical
monitoring datasets.

Abstract

Interpreting interferometric synthetic aperture radar (InNSAR) imagery is a critical task in monitoring
volcanic and seismic activity, yet the process usually requires expert knowledge and manual analysis.
As the volume of satellite observations continues to increase, automated methods capable of describing
and interpreting these images become increasingly important in order to assist geophysical monitoring
efforts. In this work, we investigate the feasibility of automated image captioning for InNSAR data
using modern vision-language models. We utilize the Hephaestus dataset which is a large collection of
annotated interferograms focused on volcanic deformation, and apply a series of preprocessing steps to
curate a balanced dataset of deforming and non-deforming images. Two generative image captioning
architectures, the Generative Image-to-Text Transformer (GIT) and Bootstrapping Language-Image
Pretraining (BLIP), are fine-tuned to output natural language descriptions of the InNSAR images. In
addition, we implement a retrieval-based model that aligns image and text representations within a
shared embedding space and retrieves the most semantically similar caption. The performance of these
approaches is evaluated using standard captioning metrics and qualitative inspection of generated
descriptions. Our results suggest that pre-trained vision-language models can adapt to specialized
scientific imagery despite being trained primarily on natural image datasets. This study represents an
initial step towards automated interpretation systems capable of assisting researchers in large-scale
InSAR monitoring applications.

Keywords: natural language processing; machine learning; InSAR; image captioning; high-
performance computing; remote sensing; vision-language models; transformer models; volcanic
deformation; seismology

1. Introduction

Image captioning refers to the task of translating visual information into meaningful text [1].
While it is, in general, fairly simple for a human to look at an image, extract the key features, and form
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a detailed description of the given image, this endeavor becomes a much more complicated exercise
when assigned to machines [2]. In fact, this task has long been viewed as a challenging problem lying
at the very intersection of computer vision and natural language processing [3].

Early efforts to tackle this problem generally focused on algorithms that would patch a given static
image in order to detect different objects and map each object to a corresponding descriptive word [4,5].
This was implemented using a variety of different techniques [6,7]. For example, Farhadi et al. defined
a meaning space in their approach that linked the space of images to the space of sentences [8]. By
evaluating the similarity score between an image and a sentence in the meaning space, they were able
to assign appropriate captions based on various error metrics [8].

These methods steadily shifted into using templates to generate image descriptions [9]. To
illustrate, Kulkarni et al. implemented linguistic constraints through the use of simple templates such
as: "This is a photograph of ..." or "Here we see ..." [10]. This was done in order to force sentences to
come out grammatically correct and structurally coherent at a time when language models alone could
not reliably produce this [10]. Despite the fact that this methodology inhibits the generation of novel
captions, the results showed great promise in developing a system to automatically generate natural
language captions for images based on satisfactory ROUGE and BLEU scores, the evaluation metrics
commonly used within the natural language processing community [10-12].

Template-based techniques were further improved upon by Mitchell et al. [13]. To illustrate,
rather than relying on a fixed template to generate captions, Mitchell et al. took a different approach
by generating syntactic trees from vision detections [13]. Their system, called "Midge’, leveraged word
co-occurrence statistics to detail what the computer vision system sees and produced natural captions
that significantly outperformed previous automatic systems [13].

It wasn’t until researchers began to incorporate deep neural networks into their models that
image captioning performance truly and rapidly increased [14-17]. This was inspired in large part
by the groundbreaking results of the deep convolutional neural network AlexNet on the ImageNet
database [18]. The first methods framed the problem as a ranking problem and employed a retrieval-
based approach. To illustrate, Socher et al. introduced a model that would learn to map images and
sentences into a shared embedding space using a deep neural network [19]. This would then enable
the retrieval of one given the other [19]. A pairwise ranking loss function is minimized during training
to learn to rank images and their descriptions [19]. Their model outperformed baselines as well as
other commonly used models [19].

The main issue with this approach is the inability to generate novel descriptions or visual depic-
tions from the embedding space. In other words, it was not feasible to perform the inverse projection.
This is why Chen et al. sought to explore the bi-directional mapping between images and their descrip-
tions using recurrent neural networks [20]. The key contribution was the addition of a hidden layer to
the visual recurrent network that would allow the model to remember visual concepts over the long
term [20]. This allows the network to automatically choose the relevant concepts that it trained on in
order to describe a given image [20]. State-of-the-art results were achieved based on measurements of
BLEU, METEOR, and CIDEr scores [11,20-22].

Additional work aimed at simplifying the traditional pipeline using advances in machine trans-
lation. In fact, Vinyals et al. formulated an end-to-end system that combines the processes of object
detection and caption generation into a single joint model [23]. The idea was to take an image input
and train the model to maximize the likelihood of generating a specific target word sequence that
is pulled from a given dictionary [23]. The images are first passed through a CNN-based encoder
that transforms them into meaningful vector representations which in turn are used as the initial
hidden state of the RNN-based decoder that would generate the target sentence [23]. By applying the
principles of machine translation for generating descriptions, they were able to achieve state-of-the-art
results on standardized datasets based on the BLEU-1 and BLEU-4 metrics [23].

A major performance improvement emerged with the incorporation of the transformer archi-
tecture, which was first introduced by Vaswani et al. for the purposes of machine translation and
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language understanding tasks [24]. The architecture’s key feature is the self-attention mechanism that
essentially connects one element of a set to all the others using a scaled dot product [24].

This approach, along with its variants, dominated the natural language processing field and later
the computer vision field as well [1]. In fact, one of the first image captioning models to incorporate
self-attention used a module to encode the relationships between features resulting from an object
detector [25]. The full transformer architecture was first investigated by Li et al. in the realm of image
captioning and sequence modeling [26]. Along with their introduction of entangled attention, they
were able to achieve state-of-the-art performance on the MS COCO dataset, negating the need for
RNNss as their complexity can be a disadvantage [26].

Image captioning models saw many additional modifications and variants to the attention mecha-
nism following the introduction of the transformer architecture. To start with, Pan et al. introduced
a unified attention block that uses bilinear pooling to highlight attended visual features [27]. This
technique led to an enhanced set of image-level and region-level features due to the higher order
intra-modal interactions [27]. Moreover, Cornia et al. proposed a memory-augmented attention
operator by adding additional slots to the set of keys and values used for self-attention in order to
encode a priori information [28]. A meshed connectivity between the encoding and decoding modules
allowed them to achieve a new state-of-the-art performance on COCO based on standard metrics [28].

Inspired by the introduction of the vision transformer (ViT) [29], Liu et al. developed the first
convolution-free image captioning model [30]. To elaborate, their architecture used a pre-trained ViT
as an encoder and a standard transformer as a decoder to generate captions. This same approach was
later used to train large visual encoder models such as CLIP [31] and SimVLM [32] that are capable of
performing many downstream tasks including image captioning.

The importance of tackling this problem is significant as advances in image captioning can directly
benefit society. Applications include, but are not limited to, aiding in navigation for visually impaired
people, improving early childhood education, and enabling improved computer-human interactions,
to name a few [33,34]. This sets a precedent for researchers to explore these techniques in a range of
disciplines that are not specifically related to natural images only [35,36]. For example, Gamidi et al.
applied image captioning techniques to describe underwater scenery where visual conditions generally
make it difficult to conduct marine research and environmental monitoring [37]. Since most image
captioning datasets are of natural and terrestrial scenes, they resorted to applying underwater-specific
augmentations to these images before passing them to training in their transformer-based image
captioning model [37]. This allowed the model to detect underwater features and perform well on the
test set during inference [37].

Due to rapid advances in computer science, engineering, and aerospace systems, modern re-
mote sensing technologies are able to provide researchers with high-resolution satellite images [38].
This encouraged the use of image captioning in the remote sensing community, especially since the
applications are wide, such as describing photos captured by unmanned aerial vehicles (UAVs) in
war, reconnaissance, and rescue operations [39]. Moreover, UAVs are generally able to quickly access
rugged terrains allowing them to analyze and pinpoint the needy in natural disaster situations such as
earthquakes, floods, and volcanic eruptions [40]. In fact, Qu et al. were one of the first to bridge the
gap between these two fields by applying a standard CNN along with a LSTM/RNN to extract image
features and combine them with text descriptions [41]. This resulted in good semantic understanding
of high-resolution remote sensing images [41].

Remote sensing has proven to be a powerful and essential tool in monitoring and assessing
earthquake and volcanic hazards [42,43]. Forces acting deep within Earth’s interior result in measurable
deformation on the surface providing the necessary data to improve numerical models for forecasting
these catastrophic events [44]. Specifically, the interferometric synthetic aperture radar (InSAR)
technique excels in this domain as it is able to directly measure the change in height of the ground
along the line-of-sight of the satellite or plane [45]. For example, Biggs et al. conducted an InNSAR
study on the 1994 and 2004 Al Hoceima earthquakes and were able to modify previous tectonic
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model predictions on the fault plane orientation providing key insights on the tectonics of that area in
Morocco [46]. Additionally, INSAR has been extensively used to monitor similar phenomena dealing
with land subsidence and uplift making it a reliable tool for hazard and risk assessment [47,48]. In
volcanology, INSAR has been used to detect surface deformation which has a strong statistical link to
eruption [49]. Bountos et al. used a vision transformer model and trained it on synthetically generated
interferograms to detect volcanic unrest, and they were able to achieve state-of-the-art accuracies on
the test set [50].

In general, interpreting INSAR images can be a challenging task for non-experts as there are many
complexities involved with the processing steps as well as the resulting errors making the need for
expert input critical [51-54]. Additionally, the recent developments in technology and computational
power have resulted in large unprecedented quantities of monitoring data such as INSAR which cannot
be realistically inspected manually anymore [49]. This highlights the need to have an automated InSAR
image captioning system for rapid analysis that would be extremely beneficial especially in cases such
as immediately following or preceding catastrophes. To the best of our knowledge, this task has yet to
be performed.

In this paper, we make the first attempt at achieving an automated InNSAR image captioning system.
We explore two different techniques in image captioning applied to the problem of InNSAR labeling
using the Hephaestus dataset. Specifically, we evaluate two generative captioning architectures called
GIT and BLIP that are fine-tuned on the domain-specific imagery, and we compare their performance
to a custom-built retrieval-based model that aligns visual and textual representations within a shared
embedding space. By analyzing both the generative and retrieval paradigms, we seek to assess the
feasibility of utilizing vision-language models in specialized remote sensing data. Our results provide
insight into the strengths and limitations of these approaches and highlight the potential for automated
image captioning systems to assist large-scale geophysical monitoring workflows.

2. Materials and Methods
2.1. Hephaestus Dataset

An ode to the Greek God of fire and volcanoes, the Hephaestus dataset created by Bountos et
al. consists of annotated InSAR images focused on global volcano monitoring [55]. Specifically, data
retrieved from the Comet-LiCS portal monitors 44 of the most active volcanoes globally over the
period of 2014 to 2021 [56-58]. The wrapped InSAR images correspond to 38 different ascending and
descending Sentinel-1 frames since, in some cases, more than one volcano could be included in one
frame.

The dataset was manually annotated by experts in the field who leveraged not only their InNSAR
interpretation skills, but also the extensive literature regarding the historical activities of the volcanoes.
This is primarily due to the difficulty of separating atmospheric effects from actual deformation, as
they look very similar in an InSAR image. The result is a dataset that contains 19,919 samples, of which
1,833 contain ground deformation as a result of volcanic activity or an earthquake.

Each interferogram was annotated with 20 different label categories. The first few labels refer to
the metadata of the image, such as the frame ID, which gives the satellite orbit and frame, and the
primary and secondary dates, which give the acquisition dates of the SAR image.

The next class of labels describes any technical errors that may have occurred in the automatic
InSAR processing and generation by Comet-LiCS. A binary category separates corrupted interfero-
grams that are totally problematic from usable ones. Another category highlights the different types of
processing errors that may be present, such as debursting or merging errors.

The presence of various kinds of fringes is also noted in each image’s annotation. For example,
glacier fringes caused by glacier melting as well as orbital fringes caused by a phase ramp due to orbital
errors are included in the annotation. Moreover, fringes caused by different atmospheric distortions
and effects, such as the varying refractive index of the troposphere and the vapors caused by liquid
and solid particles of the atmosphere, are also noted. Additionally, the annotation includes information
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on whether the image has low coherence due to interferometric signal decorrelation. A label is also
included to indicate whether there are artifacts on the image itself such as an artificial colorbar legend.
The latter is helpful in understanding the significance of the color in each image.

The last set of labels describes the actual deformation, if present, in the image. A classification
of the volcanic deformation activity according to the magma source is also provided. This activity
type will have a value of Mogi, Dyke, Sill, Spheroid, or Unidentified. The Mogi model represents
the underground magma chamber as a point source of pressure and typically produces a radially
symmetric pattern of subsidence or uplift [59,60]. A dyke is a vertical sheet of magma that cuts through
existing rock layers and generally creates a linear deformation pattern with subsidence and uplift on
either side of the dyke [61,62]. A sill is a horizontal sheet of magma that intrudes between existing
rock layers [63]. The resulting surface deformation is a broad and gentle uplift that is circular, but less
pronounced than a Mogi source [64]. A spheroid models the magma source as a finite-sized spheroid
or ellipsoid, allowing for an elongated shape in 3D space [65]. This produces a radially symmetric
uplift that may be slightly elongated depending on the aspect ratio of the spheroid. An important label
included in the annotation is the intensity of the observed deformation. Additional labels indicating
the phase of the deformation as well as the confidence of the annotation itself are also highlighted. A
manually-drawn segmentation mask specifying the displacement area is provided. Finally, the last
label is a full description of the interferogram in the form of a caption that cohesively ties most of the
previous labels together.

The dataset itself is intentionally designed to be highly diverse in order to capture a wide range
of observational and processing conditions. For instance, images from both ascending and descending
viewing geometries are used along with multiple range-azimuths looks combinations. Additionally,
different color scale palettes can be found within.

A pronounced class imbalance is exhibited between samples showing deformation and those
showing no deformation. This is to be expected as volcanic activity and seismic events are relatively
rare phenomena to occur in nature. Among deformation samples, further imbalances exist across
deformation types, event intensities, and volcanic phases with most events corresponding to unrest
phases and classified as sill types. An example deforming image from the Hephaestus dataset is shown
in Figure 1 along with its corresponding caption (unique ID: 1813). An example non-deforming image
is shown in Figure 2 (unique ID: 15281). A color fringe in the direction of blue-green-yellow-orange-
purple-blue means a change of 27t radians towards the satellite [56].
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Figure 1. Vertical stratification effect can be detected on the top side of the region. Wave-like patterns caused
by atmospheric delays can also be detected on the top and left side. A mogi-type deformation pattern of low
intensity is detected in top-right side of the region.

Figure 2. Turbulent mixing effect or wave-like patterns caused by liquid and solid particles of the atmosphere can
be detected around the area. No deformation activity can be detected.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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2.2. Preprocessing

Arguably one of the most critical steps in any machine learning framework, dataset preprocessing
directly influences a model’s learned representations and predictive behavior. This is especially true
for multi-modal tasks involving scientific imagery where slight inconsistencies in image formats or
visual artifacts can introduce undesired biases [66]. To mitigate these effects, we applied a series of
preprocessing and curation steps to the Hephaestus dataset while mainly focusing on image quality,
format consistency, and class balance.

In order to ensure uniformity when it came to the quality of images used, we selectively chose
certain conditions to be met by the images according to the labels in each of their respective annotation.
To start with, images with any value besides 0 in the labels of corrupted, no_info, processing_error, or
low_coherence were discarded. This immediately eliminates many images that are simply unusable or
very difficult to extract information from. Similarly, we ignored images containing any value other
than 0 in the labels of orbital_fringes and glacier_fringes as we did not want any fringes related to
orbital errors or fringes related to glaciers melting as that is not the scope of this paper. Images with
atmospheric_fringes were kept as long as that value was less than or equal to 2. Fringes related to
atmospheric effects are to be expected and, in fact, most images in the dataset exhibited some form
of atmospheric fringes. The values of this label ranged from 0 to 3. A value of 0 indicated that there
was little to no atmospheric effect. Values 1 and 2 indicated changes related to the troposphere’s
refractive index and changes related to the turbulent mixing and vapors of solid and liquid particles in
the atmosphere, respectively. A value of 3 indicated the presence of both effects 1 and 2. Essentially,
we decided to discard the images where both effects were present to make it easier for the models to
discern either of them. Moreover, some images contained a colorbar embedded within the image as
shown in Figure 3 (unique ID: 13312). This was addressed by setting image_artifacts to 0 in order to
exclude these images from the final dataset.

>
decrease line-of-sight range
0 +m rad
wrapped interferogram

Figure 3. Vertical stratification caused by atmospheric delays can be detected in high altitude areas. No deforma-
tion activity can be detected. Image artifacts are detected on image.

These conditions were used to extract both the deforming and non-deforming images. The only
additional requirement used to retrieve the deforming images was to set is_crowd to 0 as well as to
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discard images with "Unidentified” for their activity_type. This excludes images that exhibit more than
one fringe pattern related to deformation. It also makes sure that the deforming images included have
their activity types known. All these restrictions put on the dataset essentially result in a cleaner and
more usable dataset that has quality images and captions.

The Portable Network Graphics (PNG) images found in the Hephaestus dataset come in one
of two modes. These are the Palette mode (P mode) and Red, Green, Blue, and Alpha mode (RGBA
mode). P mode images come palettized which means there is essentially one channel for the image,
and each pixel can take a value between 0 and 255 where each value designates a certain color from
the palette. The general advantage of storing images this way is to save memory, as it requires a third
of the space required of a typical RGB image. The disadvantage is being limited to only 256 unique
colors, which could result in banding or artifacts. On the other hand, RGBA mode stores the image
in 4 channels where the first 3 channels denote the different possible colors, and the fourth (Alpha)
channel controls the color’s transparency or opacity.

This is typically not an issue as one can convert from one mode to the other with ease. However,
the main difference lies in the fact that the P mode images use an entirely different color scheme
compared to the RGBA mode images. An example P mode image (unique ID: 16964) is shown in
Figure 4, and an example RGBA image (unique ID: 8913) is shown in Figure 5. Although both image
modes relay the same information just with a different colorbar, we decided to stick with one color
scheme when building the dataset to be fed to the machine learning models. This was done to make
it easier for the models to learn by not putting too much focus on the color scheme itself while also
gaining the benefit of standardizing the image format.

Figure 4. Vertical stratification effect can be detected on the left side of the region. A sill-type deformation pattern
of medium intensity can be detected on the central side.
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Figure 5. Turbulent mixing effect can be detected on the bottom-right, central and top-left side of the region. A
sill-type deformation pattern of high intensity can be detected on the bottom-right side of the region.

After applying the conditions mentioned above to extract the clean images, we found that the
majority of the resulting deforming images are in P mode. For example, the total deforming images
came out to 634 after the preprocessing steps described, and 581 of those 634 images were in P mode,
while 53 were in RGBA mode. The cleaned non-deforming images had roughly the same amount of P
and RGBA modes (6139 P mode images and 5083 RGBA mode images). Due to this distribution, only
the P images were extracted from the dataset and used.

As expected, there are far fewer deforming images compared to non-deforming images. In
order to combat the class imbalance and ensure the models are capable of dealing with each class
effectively, the number of non-deforming images used was truncated to more or less match the number
of deforming images. This ensures an even amount of deforming and non-deforming images present
in the training dataset. In fact, all of the 581 cleaned deforming images were used, and another 581
images from the cleaned non-deforming images were randomly selected to form a dataset consisting
of 1162 images. For reproducibility purposes, this was done using Python’s built-in random number
generator, which was initialized with a fixed random seed of 17. Additionally, all extracted images
were then converted from P mode to RGB mode in order to match the expected input format of the
machine learning models to be used.

2.3. Machine Learning Models
2.3.1. Generative Image-to-Text Transformer Model

The Generative Image-to-Text Transformer (GIT) model is a vision-language model developed
by Microsoft to perform image captioning and other image-conditioned language generation tasks
such as question answering [67]. Unlike other models that depend on complex structures within their
framework, GIT simplifies the architecture by using one image encoder and one text decoder as a
single language modeling task.

At a high level, GIT operates by first extracting the visual features from the raw input image using
the image encoder. This is followed by the text decoder that takes the flattened list of features and
predicts the text description. The team leveraged large-scale image-text pairs t achieve the the goal of
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pre-training this vision language model. In fact, around 800 million image-text pairs were used for
training, and the model achieved state-of-the-art performance on various image captioning tasks and
question answering.

Architecturally, the image encoder was directly inspired by the previous work of Yuan et al. where
a contrastive pre-trained model was built [68]. A feature projection module composed of a linear layer
and a normalization layer is built on top of the encoder that projects the representations into the same
embedding space as the language model tokens, ensuring compatibility with the transformer decoder.
The text decoder itself follows a standard auto-regressive transformer architecture. It is made of several
transformer blocks consisting of a self-attention layer and a feedforward layer. The attention mask
used is such that the text token depends on the preceding tokens and all image tokens while allowing
the image tokens to attend to each other. This unified architecture simplifies training and inference
while maintaining strong performance across a variety of image-to-text tasks. Training begins with
pre-training the image encoder by itself using the contrastive task. Then, using the generation task,
the text decoder and image encoder are simultaneously pre-trained. The model architecture from the
original paper is shown in Figure 6.

a tscsun radio ...... 54 . EOS 12 : 54 EOS
O 0o 0o 0 0 0 . mymyny |

Text decoder
N x Text decoder
[ Feed forward ]

ROOO0O0O0O0OAO

BOS what time is it ? 12 : 54

| Multi-head self-attention |

[ Q: what time is it? A: 12 : 54

(b) VA
[ | () a a a a a
BOS a tscsun radio ...... 54 A e e e T

Image encoder

Tokenize & Embed temporal @ temporal @
embedding 1 embedding 6

a tecsun radio with
the time of 12 : 54. Image encoder Image encoder

Framel  ...... Frame 6

(a) Pre-training/captioning | (c) Video
Figure 6. Network architecture of the GIT model for various language generation tasks.

In the context of scientific imagery such as INSAR data, GIT offers several advantages. To start
with, the model’s use of large-scale pre-training makes it suitable for situations where labeled data is
limited, as domain-specific knowledge can be incorporated using the process of fine-tuning the model
rather than training from scratch. Additionally, the generative nature allows for the production of
flexible and form-free descriptions as opposed to a constrained set of candidate captions.

2.3.2. Bootstrapped Language-Image Pretraining Model

The Bootstrapping Language-Image Pretraining (BLIP) model is a vision-language framework
that is capable of transferring flexibly to understanding and generation tasks [69]. The model is
jointly pretrained with three complementary objectives in mind which are image-text contrastive
learning (ITC), image-text matching (ITM), and image conditioned language modeling (LM). The
contrastive objective aligns images and captions within a shared embedding space while encouraging
semantically-related image-text pairs to have similar representations. The matching objective assists
this alignment by distinguishing between paired and unpaired image-text combinations. Finally, the
language modeling objective allows the model to generate natural language descriptions conditioned
on the visual inputs. When combined, these objectives grant BLIP the ability to learn cross-modal
correspondences and to generate captions fluently.

One of the key features of BLIP is its method of addressing noisy image-text pairs collected
from the web. In fact, a bootstrapping method is employed where BLIP leverages its own generative
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capabilities to produce candidate captions using an image-grounded text decoder, which are then
filtered and refined using an image-grounded text decoder to improve the quality of the training data.
This iterative bootstrapping process enables a streamlined learning process with a lower noise ratio
which directly contributes to BLIP’s strong performance across benchmark datasets.

Its architectural design begins with a ViT as the image encoder that patches up and encodes
an input image. Depending on the task configuration, BLIP uses a multimodal mixture of encoder-
decoder. During image captioning training, the image-grounded text decoder is activated to generate
textual descriptions in an autoregressive manner for the given image which is then optimized using
cross-entropy loss. The full model architecture from the original paper is shown in Figure 7.

I:lF ITC — IT™ LM

A A 4
& & ) & )
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» D (— [r—
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Figure 7. Network architecture of the BLIP model for various language generation tasks.

BLIP similarly offers advantages when it comes to domain-specific applications such as InNSAR
imagery. Its explicit modeling of image-text alignment and generation allows it to adapt to specialized
visual semantics through the use of fine-tuning even in cases where the presence labeled data is limited.
Moreover, the separation of visual encoding and language decoding provides greater control over
cross-modal interactions which can be beneficial when transferring models trained on natural images
to non-natural imagery. However, as with other pretrained vision-language models, the performance of
BLIP in such domains will depend on the extent to which fine-tuning can overcome biases introduced
during the large-scale pre-training.

2.3.3. Retrieval-Based Model

In addition to the generative captioning approaches described above, we implement a retrieval-
based image-text baseline model that maps InSAR images into a visual feature space and predicts
captions by nearest-neighbor matching. Rather than generating captions autoregressively, this method
frames captioning as example retrieval: a query image is compared against a bank of training images,
and the caption attached to the most similar training image is returned as the prediction. This setup
provides a direct way to assess whether pre-trained visual representations capture semantics relevant
to our domain.

The model uses the vision encoder from a pre-trained BLIP captioning model (Salesforce/blip-
image-captioning-base) together with its corresponding processor. For each image, we extract the
pooled output of the BLIP vision backbone and use that vector as the image embedding. In contrast
to the contrastive variant, this retrieval pipeline does not include a separate text encoder, projection
heads, or any cross-modal alignment loss. Captions are used only as labels associated with training
images.

The training split is therefore used to build an embedding index rather than to optimize pa-
rameters. We compute and store embeddings for all training images in advance, while keeping the
pre-trained BLIP weights fixed. This design keeps the method simple and reduces the risk of overfitting
on a limited InSAR dataset, since no additional learned components are introduced.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202605.0685.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 May 2026 d0i:10.20944/preprints202605.0685.v1

12 of 26

During inference, each test image is passed through the same BLIP vision encoder to obtain
a query embedding. We then compute cosine similarity between that query vector and all stored
training-image embeddings. The index of the highest-similarity training image is selected, and its
caption is transferred as the predicted caption for the test sample.

Evaluation is performed by comparing the retrieved caption with the ground-truth caption for
each test image and reporting the retrieval accuracy over the test split. Because predictions are copied
from existing training captions rather than generated token by token, outputs are deterministic and
avoid the hallucination behavior often observed in generative models. This can be advantageous for
scientific imagery where faithful and conservative descriptions are preferred.

Overall, this nearest-neighbor retrieval model serves as a lightweight and interpretable baseline
alongside generative captioning methods. It isolates how far visual similarity alone can support
caption prediction in the InSAR setting, and it provides a transparent reference point for judging the
added value of more complex generation-based approaches.

3. Results

The baseline retrieval model does not require training, as predictions are generated by selecting
the caption associated with the most similar image in the embedding space using cosine similarity.
Due to the nature of this model, we decided to evaluate performance based on its raw accuracy, where
the raw accuracy is defined as whether or not there is an exact match (string-to-string) of the true
caption and the retrieved caption. It is a rather unforgiving metric, but it fits the scope of this method,
as it is very quick to implement and deploy.

To build the embedding index, 90% of the dataset was used, and 10% was left for inference
purposes. This was done using Hugging Face’s API [70] and a fixed random seed of 17. The model
achieved a raw accuracy of 43.59% on the test set consisting of 117 images. Representative correct and
incorrect predictions are shown in Figures 8, 9, 10 and 11, respectively.

o
Phase (radians)

Figure 8. Matched caption: Turbulent mixing effect or wave-like patterns caused by liquid and solid particles of
the atmosphere can be detected around the area. No deformation activity can be detected.
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Figure 9. Matched caption: Turbulent mixing effect can be detected on the top, right and bottom side. A dyke-type
deformation pattern of high intensity can be detected on the top side of the image.
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Figure 10. True caption: Vertical stratification caused by atmospheric delays can be detected in high altitude areas.
No deformation activity can be detected. Retrieved caption: Turbulent mixing effect or wave-like patterns caused
by liquid and solid particles of the atmosphere can be detected around the area. No deformation activity can be

detected.
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Phase (radians)

Figure 11. True caption: A sill-type deformation pattern of medium intensity can be detected at the bottom of the
image. The atmospheric impact is very low. Retrieved caption: Turbulent mixing effect can be detected on the
leftmost and bottom-left side of the region. A sill-type deformation pattern of high intensity can be detected at the
bottom of the image.

For the generative models, a similar data split was used, with an additional 10% of the training
portion set aside for validation purposes. Relying on raw accuracy as the metric for the generative
approach is too unforgiving as slight semantic differences between generated and ground truth
captions wouldn’t be counted positively. Instead, we chose to rely on a different set of metrics which
are the Rouge-1, Rouge-2, Rouge-L, and BLEU scores.

Training of the models was done using UC Davis’s high-performance computing (HPC) cluster
called Hive. Model performance was monitored on the validation set across epochs. Plots showing the
performances of the GIT and BLIP models are shown in Figures 12 and 13 respectively. Both models
were trained for 30 epochs with evaluation metrics stabilizing after approximately 25 epochs.
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Figure 12. Metric scores tracked for the GIT model over the epochs during training.
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Figure 13. Metric scores tracked for the BLIP model over the epochs during training.

The models are set into evaluation mode in order to perform inference on the test set. A few
decoding parameters were tuned to optimize the caption generation process. A beam search with a
width of 5 was used instead of a greedy approach. A temperature of 0.7 was applied to control the
sharpness of the token distribution. Moreover, top_k sampling (k = 50) and nucleus sampling (p = 0.9)
were employed to balance diversity and coherence in the generated captions. Example outputs along
with their images are presented in Figures 14-17.
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Figure 14. True caption: Turbulent mixing effect or wave-like patterns caused by liquid and solid particles of the
atmosphere can be detected around the area. No deformation activity can be detected. BLIP caption: turbulent
mixing effect or wave - like patterns caused by liquid and solid particles of the atmosphere can be detected around
the area. no deformation activity. GIT caption: turbulent mixing effect can be detected on the bottom - right and
central - left side of the region. a sill - type deformation pattern of high intensity is detected at the bottom of the
image. there is noise in deformation zone due to high temporal baseline between the two images.
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Figure 15. True caption: A sill-type deformation pattern of low intensity can be detected on the central side. The
atmospheric impact is low. BLIP caption: a sill - type deformation pattern of low intensity can be detected on
the central side. the atmospheric impact is low. GIT caption: vertical stratification effect is detected on the high
altitude areas of the region. a sill - type deformation pattern of low intensity is detected at the bottom of the image.
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Figure 16. True caption: Turbulent mixing effect or wave-like patterns caused by liquid and solid particles of the
atmosphere can be detected around the area. No deformation activity can be detected. BLIP caption: turbulent
mixing effect or wave - like patterns caused by liquid and solid particles of the atmosphere can be detected around
the area. no deformation activity. GIT caption: vertical stratification effect is detected on the high altitude areas of
the region. a sill - type deformation pattern of medium intensity is detected at the bottom of the image.
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Figure 17. True caption: A sill-type deformation pattern of low intensity can be detected on the central side. The
atmospheric impact is low. BLIP caption: a sill - type deformation pattern of low intensity can be detected on
the central side. the atmospheric impact is low. GIT caption: vertical stratification effect is detected on the high
altitude areas of the region. a sill - type deformation pattern of low intensity is detected at the bottom of the image.

4. Discussion
4.1. Model Performance

Among the generative models, BLIP consistently achieves slightly superior performance as
reflected by higher evaluation metric scores. Additionally, comparison with the retrieval-based model
reveals that there are some examples in the test that the retrieval model gets right where the generative
model fails and vice versa.

At first glance, the retrieval model appears competitive in a superior way, especially given
the minimal computational requirements. However, this performance is partly attributable to its
inability to produce novel captions but instead retrieves existing captions from visually similar images.
Consequently, its effectiveness is strongly influenced by the caption distribution within the dataset.

In particular, the caption uniqueness distribution of the underlying dataset being used introduces
a notable bias. The plot showing this can be seen in Figure 18. Despite splitting up the dataset such
that there is roughly an equal amount of deforming and non-deforming images, the uniqueness of
each plays a critical role in the model embedding, and the diversity of captions differs substantially
between these classes. To elaborate, when it comes to the non-deforming images, there are practically
little to no unique captions. In fact, the most common non-deformation caption is: "Turbulent mixing
effect or wave-like patterns caused by liquid and solid particles of the atmosphere can be detected
around the area. No deformation activity can be detected.” with a count of 8141. The most common
deforming caption which is: "A sill-type deformation pattern of low intensity can be detected on
the central side. The atmospheric impact is low." has a count of just 25, so there are many more
unique deforming captions than there are unique non-deforming captions. This imbalance favors
retrieval-based methods, as repeated captions increase the likelihood of exact matches.
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Figure 18. Bar plot showing the distribution of captions in the dataset by type and uniqueness.

Given these observations, a hybrid approach that combines generative and retrieval-based meth-
ods is likely to be most effective. In addition, incorporating human oversight for validation further
improves reliability. Such a system could substantially accelerate the annotation of large-scale INSAR
datasets while maintaining scientific accuracy.

4.2. Limitations

Despite the promising results obtained in this study, a few limitations should be acknowledged.
First, the size of the dataset used for training and evaluation is relatively small compared to the
large-scale datasets that are typically used for training modern vision-language models. Although the
models used in this work benefit from the extensive pre-training, the limited number of labeled INSAR
images may restrict their ability to fully capture the diversity of deformation patterns and atmospheric
artifacts that are present in these real-world observations.

Second, the pre-trained models used in this study were trained on large collections of natural
images paired with general language descriptions. As a result, these models may retain biases and
semantic priors that are not necessarily fully aligned with the characteristics of scientific imagery such
as InSAR data. Even though fine-tuning helps adapt the models to this domain, the mismatch between
natural image distributions and specialized geophysical imagery may still influence the quality and
accuracy of the resulting captions.

Third, evaluating the quality of the generated captions remains a challenging problem. Automated
metrics commonly used in image captioning, such as BLEU or related measures, do not necessarily
capture whether a caption accurately reflects the underlying geophysical interpretation of the image.
Arguably, the best way to measure the quality of the caption for an image is still carefully designing a
human evaluation campaign in which multiple users score the produced sentences [1,71]. In practice,
this means that a powerful evaluation would require human assessment by domain experts who can
judge whether the descriptions correctly identify deformation patterns and atmospheric effects.

Finally, the retrieval-based approach explored in this work is inherently limited by its reliance on
existing captions within the dataset. While retrieval methods can produce grammatically consistent
and scientifically plausible descriptions, they cannot generate novel captions for previously unseen
patterns. This restricts the flexibility of the approach when encountering deformation signals that
differ from those present in the training set.
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4.3. Future Directions

Several directions could be taken to further improve the performance and applicability of the
automated InSAR image captioning system. First, one could expand the the effective dataset size
through domain-specific data augmentation strategies. To illustrate, deformation images could be
geometrically transformed through rotations or flips to generate additional training samples. However,
applying such transformations requires careful modification of the corresponding captions in order to
keep the spatial descriptions consistent with the transformed image. Developing automated procedures
for adjusting captions after geometric transformations could significantly increase the diversity of
training data while preserving semantic correctness.

Another direction involves exploring multi-label prediction frameworks that directly infer the
structured annotations associated with each interferogram. Since the Hephaestus dataset contains
multiple labels describing atmospheric effects, deformation type, intensity, and other attributes, a
model trained to predict these labels would provide a more interpretable intermediate representation
of the image. Combining these predicted labels to construct the natural language caption would
potentially improve both accuracy and consistency of the resulting descriptions.

Another potential improvement involves incorporating specialized feature extraction methods
that are specifically tailored to geophysical imagery. For example, including deformation boundary
coordinates or segmentation masks as additional inputs could help guide the models” attention towards
the physically meaningful regions of the InNSAR image. This information may allow the model to better
capture the spatial structure of deformation patterns and reduce the influence of atmospheric artifacts.

Finally, future work may also benefit from using the higher fidelity image representations that
retain the underlying phase information of the interferograms. Rather than relying on the compressed
PNG images, models could be trained directly on the TIFF files containing the raw phase data.
Although this approach would increase memory and computational requirements, it may allow
the models to learn more precise representations of deformation patterns and improve captioning
performance.

5. Conclusions

In this paper, we investigated the feasibility of applying modern vision-language models to the
task of automatically generating textual descriptions for InNSAR imagery. After preprocessing the
Hephaestus dataset and curating a training dataset, we evaluated both generative captioning models
and a retrieval-based approach designed to align image and text representations within a shared
embedding space. The models, pre-trained on natural images, were fine-tuned on domain-specific data
in order to learn the relationships between visual patterns in interferograms and their corresponding
descriptive captions.

The results demonstrate that pretrained vision-language models can be adapted to specialized
scientific imagery despite being originally trained on natural image datasets. Both generative and
retrieval-based approaches were capable of identifying meaningful features within the interferograms
and producing captions that capture important aspects of deformation and atmospheric effects. While
several limitations remain, including dataset size and evaluation challenges, the findings suggest that
automated captioning systems may provide a useful tool for assisting researchers in the interpretation
of large volumes of satellite radar imagery. Continued advances in domain-specific training data,
model architectures, and evaluation strategies may further improve the reliability and usefulness of
such systems for geophysical monitoring applications.
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Abbreviations

The following abbreviations are used in this manuscript:

CNN Convolutional Neural Network
RNN Recurrent Neural Network
LSTM Long Short Term Memory

ViT Vision Transformer

UAVs Unmanned Aerial Vehicles
InSAR Interferometric Synthetic Aperture Radar

PNG Portable Network Graphics

P Palette

RGBA Red, Green, Blue, and Alpha

GIT Generative Image-to-Text Transformer
InfoNCE Information Noise-Contrastive Estimation
ITC Image-Text Contrastive Learning

IT™ Image-Text Matching

LM Image Conditioned Language Modeling
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