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Abstract

Multimodal Earth observation is rarely complete, synchro-
nized, or uniformly informative in practice. Optical im-
agery may be unavailable or unreliable under cloud cover,
nighttime conditions, or adverse weather, whereas synthetic
aperture radar (SAR) remains observable but is substan-
tially harder to interpret semantically. This modality gap
limits the applicability of modern vision—language models
in realistic remote sensing pipelines. In this paper, we study
whether large-scale SAR—language supervision can serve
as a practical bridge for multimodal representation learn-
ing under imperfect observations. We present SAR-TEXT,
a 136,584-pair SAR image—text dataset built from hetero-
geneous SAR sources using a multi-stage caption genera-
tion pipeline, including annotation-to-caption conversion,
segmentation-guided captioning, and rule-guided rewriting
from optical descriptions. We further adopt a progressive
transfer strategy that adapts vision—-language foundation
models from natural images to optical remote sensing and
then to SAR. Experiments on cross-modal retrieval, caption
generation, and downstream SAR visual question answer-
ing show that large-scale SAR-language supervision sub-
stantially improves performance over direct-transfer base-
lines. Human auditing further indicates that the automat-
ically generated captions are generally usable at scale,
while failure cases reveal the main bottlenecks under im-
perfect semantic supervision. Our results suggest that SAR—
language alignment is a promising mechanism for robust
multimodal remote sensing when observations are hetero-
geneous, incomplete, weakly paired, or only partially ob-
servable.

1. Introduction

Earth observation increasingly relies on multiple sensing
modalities, including optical satellites, synthetic aperture
radar (SAR), infrared imagery, and geospatial metadata.
In principle, combining these modalities enables richer

scene understanding, improved retrieval, stronger foun-
dation models, and more reliable downstream decision-
making [4, 11, 18, 22, 25, 29]. In practice, however, mul-
timodal monitoring is often imperfect. Optical observa-
tions may be corrupted by clouds, shadows, illumination
changes, or acquisition gaps; sensor pairs may be only
loosely aligned across space and time; and some modalities
may be absent at inference time. These realities motivate
a central question for realistic multimodal Earth observa-
tion: how can semantic interpretability be preserved when
the observation space is incomplete or heterogeneous?

SAR is especially relevant in this setting. Because it is an
active sensor and is robust to weather and illumination, SAR
often remains available when optical imagery is degraded or
missing [14, 31]. At the same time, SAR is notoriously dif-
ficult to interpret semantically. Its backscattering-based for-
mation mechanism yields patterns that differ sharply from
the appearance cues familiar from natural and optical re-
mote sensing images. As a result, state-of-the-art vision—
language models trained on natural or optical imagery do
not directly transfer well to SAR, and the lack of large-
scale SAR—text supervision remains a major bottleneck
[6, 20, 30, 32].

In this paper, we argue that SAR-language supervision
provides a useful bridge for multimodal Earth observa-
tion under imperfect conditions. Rather than viewing SAR
as an isolated modality, we treat SAR—text alignment as
a mechanism for preserving semantic accessibility when
other modalities are unreliable, weakly paired, or unavail-
able. Building on this perspective, this study is centered
on two components: (1) SAR-TEXT, a large-scale corpus of
136,584 SAR image—text pairs; and (2) a progressive trans-
fer strategy that adapts vision—language models from natu-
ral images to optical remote sensing and finally to SAR.

Our starting point is the observation that manual SAR
captioning is expensive, hard to scale, and often requires
substantial domain expertise [30]. We therefore use a multi-
stage caption generation pipeline, called SAR-Narrator,
to transform object detection labels, semantic segmenta-
tion maps, and aligned optical descriptions into natural-
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Figure 1. Overview of the proposed SAR-language supervision framework. SAR-Narrator converts heterogeneous SAR supervision
sources into SAR-TEXT, which is then used to adapt vision—language models through progressive transfer from natural images to optical

remote sensing and finally to SAR.

language supervision for SAR images. This yields broad
coverage across object-centric scenes, natural landscapes,
urban areas, and co-registered SAR—optical pairs. We then
study whether such supervision improves retrieval and gen-
eration models in realistic settings where semantic align-
ment must survive strong modality mismatch.

Our contributions are fourfold. First, we reframe large-
scale SAR-language supervision as a response to imper-
fect multimodal Earth observation. Second, we present
SAR-Narrator, a practical pipeline for building large-scale
SAR-text corpora from heterogeneous supervision sources.
Third, we show that progressive transfer from natural im-
ages to optical remote sensing and then to SAR improves
both retrieval and caption generation. Fourth, we analyze
human verification and failure modes to characterize what
kinds of semantic errors remain when supervision is gener-
ated automatically at scale, and we further examine SAR-
GPT as a downstream VQA extension of SAR-TEXT.

2. Related Work

2.1. Vision—Language Learning for Remote Sensing

Vision—-language learning has become an important direc-
tion in remote sensing, with recent work exploring image—
text alignment, zero-shot recognition, scene understand-
ing, change analysis, and multimodal question answering
[4,7,9, 11, 18, 22, 25, 27, 29]. Existing remote sensing
VLMs have primarily focused on optical imagery, where
semantic categories are more accessible and large-scale
image—text supervision is easier to collect. Foundation-
style efforts have demonstrated promising results for optical
remote sensing retrieval and transfer, but their assumptions
do not directly carry over to SAR.

A key difficulty is that the gap between SAR and opti-
cal imagery is not merely a domain shift; it is a stronger
modality shift rooted in distinct imaging physics. Mod-
els pretrained on natural images often rely on appearance
statistics that do not exist in SAR. This makes naive transfer
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Table 1. Source datasets used to construct SAR-TEXT.

Dataset Count Type
MSAR-1.0 28,449 Detection
SAR-Ship 43,819 Detection
OSdataset 11,245 SAR-Optical pair
HRSID-JPG 3,642 Detection
QXSLAB_SAROPT 20,000 SAR-Optical pair
SEN12 18,094 SAR-Optical pair
optical_sar 8,575 SAR-Optical pair
whu-sar-opt 1,600  Segmentation
SSDD 1,160 Detection
Total 136,584 -

unstable or ineffective, motivating intermediate adaptation
through optical remote sensing before final SAR specializa-
tion [6, 32].

2.2. SAR Image-Text Data

Compared with optical remote sensing, SAR image—text re-
sources remain limited in scale, diversity, and public acces-
sibility [20, 30]. Early attempts at SAR captioning demon-
strated feasibility but were typically constrained to narrow
object categories or private datasets [30]. More recent mul-
timodal remote sensing resources may include some SAR
samples, but SAR usually represents only a small portion of
the full corpus, and the resulting captions often lack SAR-
specific expressiveness [17, 28, 29].

This lack of supervision is especially problematic under
imperfect multimodal settings. When optical data are miss-
ing or unreliable, SAR may become the primary source of
evidence. Without language supervision tailored to SAR,
downstream multimodal models lose semantic interpretabil-
ity precisely when robustness is most needed.

2.3. Imperfect Multimodal Observation

Real-world multimodal Earth observation often requires
monitoring under incomplete, asynchronous, and uncertain
observations. In remote sensing, such imperfections arise
naturally from weather, seasonality, sensor availability, spa-
tial misregistration, and temporal mismatch. While many
multimodal pipelines assume clean paired data, practical
systems must operate even when pairings are weak or one
modality is absent. Existing work on SAR—optical fusion,
registration, and joint modeling already highlights this chal-
lenge [5, 8, 13, 15, 21]. Our work addresses this setting by
using SAR—text alignment as a robust semantic channel that
can survive strong heterogeneity and partial pairing.

3. Method

Our approach consists of two parts: building a large-scale
SAR-text corpus with heterogeneous supervision sources,

and adapting vision—language models to SAR through pro-
gressive transfer.

3.1. Design Rationale

The goal of SAR-TEXT is not only to increase the number
of SAR image—text pairs, but also to provide language su-
pervision that is robust to heterogeneous and imperfect ob-
servation sources. Different SAR datasets expose different
forms of supervision: object detection datasets provide re-
liable instance-level labels and coarse spatial locations; se-
mantic segmentation datasets provide dense land-cover in-
formation; and SAR-optical aligned datasets provide richer
scene-level context through paired optical observations. In-
stead of forcing all datasets into a single annotation for-
mat, SAR-Narrator uses source-specific conversion strate-
gies and maps them into a shared natural-language space.

This design has two advantages. First, it preserves the
strongest signal available from each source. Detection an-
notations are most reliable for object counts and positions,
segmentation annotations are useful for dominant land-
cover categories, and optical captions provide high-level
scene descriptions when optical imagery is available. Sec-
ond, converting all signals into text enables a unified train-
ing interface for vision—language models. As a result, the
same SAR-TEXT corpus can support both discriminative
alignment, such as SAR-text retrieval, and generative inter-
pretation, such as SAR captioning.

3.2. SAR-Narrator

SAR-Narrator converts available structured or paired infor-
mation into natural-language supervision for SAR images.
It uses three complementary paths depending on the source
dataset.

Detection-to-caption (A2C). For object detection
datasets, we convert category labels, instance counts, and
coarse spatial layout into text. The captioning logic uses
object counts together with a 3 x 3 spatial partition of the
image, producing simple yet effective captions such as
“There is 1 ship in the bottom-right corner of this image”
or “There are 14 oil tanks in this image.” This branch is
useful for ship, aircraft, bridge, and oil-tank scenes. The
A2C branch intentionally uses simple templates rather
than long free-form descriptions. This choice reduces
hallucination because object detection annotations provide
reliable category and location information but do not
provide global scene context. For each annotated instance,
the image is divided into coarse spatial regions, and the
object category, count, and approximate position are
verbalized. When multiple objects are present, the caption
aggregates repeated categories and describes their relative
locations. This produces captions that are concise but
strongly grounded in the available annotation.
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Segmentation-to-caption (SA2C). For semantic seg-
mentation data, we summarize dominant land-cover cate-
gories from pixel-level labels and then rewrite the result-
ing description into a more natural caption. This branch
captures scene-level semantics such as farmland, city, vil-
lage, water, forest, and roads. Instead of exposing raw per-
centages directly, the final rewriting prioritizes salient scene
elements and improves fluency. The SA2C branch is de-
signed for scene-level interpretation. Since segmentation
maps provide class proportions rather than natural sentence
descriptions, we first identify dominant and secondary land-
cover categories and then convert them into a short semantic
summary. Very small categories are suppressed to avoid un-
stable captions caused by annotation noise. The resulting
caption emphasizes salient classes and their approximate
dominance, which is particularly useful for natural scenes
such as farmland, water bodies, forests, and mixed rural re-
gions.

Rule-guided rewriting from optical descriptions. For
co-registered SAR—optical pairs, we generate optical cap-
tions with a remote sensing captioner and then rewrite them
into SAR-suitable descriptions using an LLM under ex-
plicit rules. The rewriting removes color-centric language,
avoids speculative phrasing, suppresses camera-related de-
tails, and preserves only visually grounded content that
plausibly transfers to SAR. A small set of manually written
in-context examples stabilizes the rewriting process [3, 10].
This rewriting branch is the most expressive but also the
most vulnerable to semantic drift. To reduce this risk, we
constrain the rewriting process with explicit rules. Color-
related descriptions are removed because SAR does not en-
code visible color; camera-related phrases are suppressed
because they are irrelevant to SAR interpretation; and un-
certain visual details are avoided unless they are supported
by scene structure. The goal is not to translate optical ap-
pearance directly into SAR appearance, but to retain high-
level semantics that remain valid across the SAR-optical
modality gap.

This design reflects the imperfect-observation setting
directly. Rather than assuming one clean supervision
source, SAR-Narrator accepts heterogeneous inputs—
boxes, masks, or paired optical observations—and turns
them into language signals tailored to SAR.

3.3. SAR-TEXT Dataset Construction

We build SAR-TEXT from multiple public SAR datasets
spanning three source types: detection datasets, seman-
tic segmentation datasets, and SAR-optical registration
datasets [1, 5, 8, 13, 15, 16, 19, 26]. These sources cover
ships, aircraft, bridges, oil tanks, farmland, water, forest,
villages, urban structures, ports, and other scene categories.
After cleaning corrupted samples and removing duplicates

or near-duplicates using perceptual hashing [24], we obtain
a final corpus of 136,584 SAR image—text pairs with an av-
erage caption length of 16.3 English words.

3.4. Quality Control

Because SAR-TEXT is constructed automatically, quality
control is essential. We apply several filtering steps before
training. First, corrupted images and unreadable files are
removed. Second, near-duplicate samples are filtered us-
ing perceptual hashing to reduce over-representation of re-
peated scenes. Third, captions generated from each source
are normalized to reduce formatting inconsistency, redun-
dant punctuation, and repeated phrases. Finally, captions
that are excessively short, excessively long, or structurally
malformed are removed.

These filtering steps are particularly important for SAR—
language learning. Unlike optical imagery, SAR images of-
ten contain speckle noise and ambiguous texture patterns,
which can amplify the effect of noisy captions during con-
trastive learning. By removing duplicated or malformed
samples, the final dataset provides more stable supervision
for both retrieval and caption generation.

Unlike short class labels, many captions encode both
scene semantics and coarse spatial structure. This is valu-
able for multimodal representation learning because it sup-
ports both discriminative retrieval and generative caption-
ing.

3.5. Human Verification and Error Profile

Automatically generated supervision is useful only if its
quality is high enough for learning. We therefore audit a
random subset of 500 image—caption pairs. Two annotators
with remote sensing experience independently score each
pair on object correctness, count correctness, spatial cor-
rectness, scene correctness, and fluency using a 1-5 Likert
scale, and also provide a binary accept/reject label.

The overall acceptance rate is 84.4% (422/500). Aver-
age scores are 4.24 for count correctness, 4.27 for fluency,
3.96 for spatial correctness, 3.88 for object correctness, and
3.76 for scene correctness. These results suggest that the
captions are generally usable at scale, though scene-level
interpretation remains the most challenging aspect.

Failure analysis shows that the dominant errors are
wrong scene descriptions (35.9%), hallucination (19.2%),
and style bias (17.9%), with fewer cases involving missed
or wrong objects. This pattern is informative for imperfect
multimodal learning: the easier parts of supervision are lo-
cal counts and coarse positions, whereas the harder parts
involve global scene interpretation and semantic grounding.

The error distribution also reveals that different supervi-
sion sources fail in different ways. Detection-derived cap-
tions are usually reliable for object categories and counts,
but they may oversimplify complex scenes. Segmentation-
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Human audit summary Major failure modes

Percentage (%)

Accept rate
40

Average Likert score (1-5)

) Fluency 35.9%

427

© Count correctness

424

84.4%

: Spatial correctness

3.96

Obiject correctness

3.88
422/ 500

Scene correctness

3.76

Wrongscene  Hallucination  Style bias Missed /
description wrong object

Figure 2. Human verification and failure-mode analysis of SAR-
TEXT. The left panel reports the acceptance rate and dimension-
wise Likert scores from human auditing, while the right panel
summarizes the dominant error categories among rejected sam-
ples.

Table 2. Human verification results on 500 sampled SAR-TEXT
pairs.

Metric Value

Sample size 500
Overall accept rate  84.4% (422/500)

Object correctness 3.88 £ 0.66
Count correctness 4.24 4+ 0.59
Spatial correctness 3.96 + 0.55
Scene correctness 3.76 +£ 0.74
Fluency 4.27+£0.53

derived captions capture land-cover composition, but they
may miss fine-grained structures and object-level seman-
tics. SAR-optical rewriting provides richer descriptions,
but it can introduce style bias or retain optical-centric as-
sumptions if the rewriting constraints are insufficient. This
suggests that caption noise in SAR-TEXT is structured
rather than random, which partly explains why the dataset
remains useful for downstream learning despite imperfect
automatic generation.

3.6. Progressive Transfer for SAR-Language Align-
ment

A central difficulty in SAR-language learning is the large
jump from natural-image pretraining to SAR imagery. Di-
rect adaptation may abruptly change the visual embedding
distribution and weaken cross-modal alignment with lan-
guage. We therefore use progressive transfer with an inter-
mediate optical remote sensing stage, following the broader
intuition of transfer learning as staged distribution adapta-
tion [6, 32]:
1. Natural/optical adaptation: start from standard vision—
language backbones and continue pretraining on an op-
tical remote sensing image—text corpus.

2. SAR adaptation: fine-tune the adapted models on SAR-
TEXT.

We apply this strategy to both a CLIP-style retrieval model
and a CoCa-style generative model. The intuition is that
optical remote sensing shares semantic viewpoint and scene
structure with SAR better than natural imagery does, while
still remaining closer to the visual statistics learned during
natural-image pretraining.

4. Experiments

4.1. Setup

We evaluate retrieval on HRSID-test [19] and OSdataset-
512-test, representing object-centric and scene-diverse SAR
scenarios, respectively. For retrieval, we report image-to-
text Recall@K, text-to-image Recall@K, and mean recall.
For caption generation, we report SPICE, BLEU-1/2/3/4,
METEOR, ROUGE-L, and CIDEr.

For the retrieval backbone, we use CLIP ViT-L/14 [12].
For the generative backbone, we use CoCa ViT-L/14 [23].
Training follows a full fine-tuning setup on a single RTX
4090 GPU using the OpenCLIP codebase [2].

4.2. Implementation Details

For retrieval experiments, we fine-tune a CLIP ViT-L/14
backbone using image—text contrastive learning. Each train-
ing batch contains paired SAR images and captions from
SAR-TEXT, and the model is optimized to align corre-
sponding visual and textual embeddings while separating
non-matching pairs. For caption generation, we fine-tune
a CoCa ViT-L/14 backbone to jointly preserve image—text
alignment and autoregressive captioning ability. The same
SAR-TEXT training split is used for both discriminative
and generative models.

In the progressive transfer setting, the models are first
adapted to optical remote sensing image—text data and then
further fine-tuned on SAR-TEXT. This two-stage protocol
is kept consistent across CLIP and CoCa to isolate the ef-
fect of progressive transfer. During evaluation, no optical
images are provided to the SAR models; all retrieval and
caption generation results are obtained from SAR images
alone.

For the downstream VQA extension, we construct SAR-
VQA instructions from SAR-TEXT and fine-tune a com-
pact multimodal model to obtain SAR-GPT. This evaluation
is not intended to replace the retrieval and captioning bench-
marks, but to test whether SAR-TEXT provides supervision
that can support interactive semantic reasoning over SAR
images.

4.3. Cross-Modal Retrieval Results

Across both test sets, direct transfer from generic CLIP
performs poorly on SAR. Fine-tuning on SAR-TEXT im-
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Table 3. Retrieval results on HRSID-test.

Model i2t-R@1 i2t-R@5 i2t-R@10 t2i-R@1 (2i-R@5 (2i-R@10 Mean Recall
CLIP 0.15 0.56 1.02 0.05 0.51 0.92 0.54
HQRS-CLIP 0.00 0.36 0.61 0.05 0.46 1.07 0.42
SAR-CLIP 2.09 9.64 18.71 2.29 10.91 19.58 10.54
SAR-RS-CLIP 2.65 10.91 20.50 2.55 11.78 20.75 11.52
Table 4. Retrieval results on OSdataset-512-test.
Model i2t-R@1 i2t-R@5 i2t-R@10 2i-R@1 2i-R@5 (2i-R@10 Mean Recall
CLIP 0.71 3.07 4.48 0.71 3.77 8.02 3.46
HQRS-CLIP 1.89 5.90 8.96 3.54 8.02 12.26 6.76
SAR-CLIP 4.48 14.86 23.82 4.72 20.99 29.72 16.43
SAR-RS-CLIP 5.66 16.04 23.11 5.19 20.75 28.77 16.59

@ Ship / object-centric scene

@ Urban / roac-network scene training alone. Fine-tuning on SAR-TEXT yields large
; “ gains, and progressive transfer improves results further. On
HRSID-test, SAR-RS-CoCa increases CIDEr from 0.005
for CoCa to 3.186 while also reaching the best BLEU-4,

ROUGE-L, and METEOR scores. On OSdataset-512-test,

Generated caption
| There is 1 ship in the left center and 1 ship in the
right center of this image.

Generated caption
The image presents an aerial view dominated by
a grid-like network of roads and fields, with
scattered small buildings.

SAR-RS-CoCa similarly yields the strongest overall perfor-
mance.

© Water / landscape scene

Generated caption
The image is dominated by expansive water bodies,
with farmland covering a significant portion of the
scene and a small village visible in the distance.

el These findings show that SAR-language supervision is

useful not only for discriminative alignment but also for
generative semantic interpretation.

Generated caption
An agricultural landscape featuring a grid-like arrangement
of rectangular fields, bordered by narrow strips of
uncultivated land, with no discernible buildings or
structures within the fields.

Figure 3 provides qualitative examples from different
scene types. In object-centric scenes, the model can iden-

Figure 3. Qualitative captioning examples generated by SAR-RS-
CoCa on representative SAR scenes, including object-centric, ur-
ban, water-dominated, and farmland-grid scenarios.

proves retrieval substantially, and the progressive strategy
improves it further. On HRSID-test, SAR-RS-CLIP reaches
a mean recall of 11.52, compared with 0.54 for CLIP and
10.54 for single-stage SAR fine-tuning. On OSdataset-512-
test, SAR-RS-CLIP reaches 16.59 mean recall, compared
with 3.46 for CLIP and 16.43 for single-stage SAR fine-
tuning.

These results support two claims. First, large-scale
SAR-language supervision provides effective cross-modal
alignment for SAR images. Second, progressive transfer of-
fers a modest but consistent advantage over one-step adap-
tation, especially on more diverse scenes.

4.4. Caption Generation Results

Generic CoCa performs poorly on SAR, indicating that cap-
tion generation does not emerge from natural-image pre-

tify sparse bright targets and generate captions involving
both object counts and relative positions. In urban scenes,
the model describes grid-like road structures and scattered
buildings, indicating that it has learned scene-level layout
cues rather than only isolated bright scatterers. In natural
scenes, such as water-dominated and farmland regions, the
model captures dominant land-cover patterns and expresses
them in coherent language.

At the same time, these examples also illustrate the lim-
itations of SAR captioning. The generated descriptions are
generally correct at the coarse semantic level, but they re-
main less detailed than optical captions and may inherit
common phrasing patterns from the training corpus. This
observation is consistent with the human verification re-
sults, where fluency and count correctness are stronger than
fine-grained scene correctness.

The progressive strategy consistently outperforms
single-stage mixed training. This supports the idea that
adapting first to optical remote sensing and then to SAR
provides a smoother transition than jumping directly from
natural-image statistics to SAR.
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Table 5. Caption generation results on HRSID-test.

Model SPICE Bl B2 B3 B4 METEOR ROUGE-L CIDEr
CoCa 0.043  0.092 0.036 0.009 0.003 0.077 0.093 0.005
RS-CoCa 0.059 0.081 0.039 0.014 0.007 0.088 0.121 0.001
SAR-CoCa 0.689 0.680 0.624 0.571 0.519 0.522 0.781 2.513
SAR-RS-CoCa  0.688 0.694 0.637 0.583 0.530 0.523 0.792 3.186
Table 6. Caption generation results on OSdataset-512-test.
Model SPICE Bl B2 B3 B4 METEOR ROUGE-L CIDEr
CoCa 0.022 0.118 0.026 0.004 0.000 0.040 0.109 0.019
RS-CoCa 0.054 0.095 0.187 0.091 0.053 0.035 0.132 0.205
SAR-CoCa 0.282 0.409 0.301 0.243 0.198 0.211 0.391 0.631
SAR-RS-CoCa  0.298 0.420 0.319 0.263 0.219 0.228 0.410 0.665

Table 7. Comparison of training strategies on HRSID-test.

Model i2tl  i2t5 i2t10 t2il 215 t2il0 MR
Single-SAR-RS-CLIP 224 8.92 16.57 1.99 9.74 17.19 9.44
SAR-RS-CLIP 2.65 10.91 20.50 2.55 11.78 20.75 11.52

Table 8. Comparison of training strategies on OSdataset-512-test.

Model i2tl i2t5 i2t10 t2il 2i5 2il0 MR

Single-SAR-RS-CLIP 2.83 11.32 19.34 4.01 15.80 25.71 13.17
SAR-RS-CLIP 5.66 16.04 23.11 5.19 20.75 28.77 16.59

4.5. Generalization Beyond In-Domain Evaluation

To test whether SAR-TEXT transfers beyond benchmarks
built with similar annotation procedures, we evaluate on
SARLANG-1M-Cap [20]. Because this benchmark does
not provide a dedicated retrieval split, the original pa-
per samples 100-image and 500-image subsets for retrieval
evaluation and uses the original benchmark for captioning.
Fine-tuning on SAR-TEXT substantially improves both re-
trieval and generation relative to unfine-tuned baselines.
The trend is consistent across both retrieval subset sizes, and
caption generation metrics improve by roughly twofold af-
ter SAR-TEXT fine-tuning. This suggests that SAR-TEXT
provides useful supervision that generalizes beyond its own
construction pipeline.

This evaluation is important because SAR-TEXT con-
tains captions generated by a specific multi-stage pipeline.
A model could in principle overfit to the linguistic style
of this pipeline rather than learning transferable SAR-
language alignment. Evaluation on SARLANG-1M-Cap
provides an additional check against this possibility. Al-
though the benchmark differs in scale and caption style,
models fine-tuned on SAR-TEXT still improve over unfine-
tuned baselines, suggesting that the learned representations

How many ships are visible in the image?

a

P

B

Three ships are visible, each with a
bright radar signature.

Are the ships clustered or dispersed?

| <)
y N

They are spatially dispersed across the
scene rather than tightly clustered.

E

Do the ships show a common alignment?

2] 2]

Yes. Their arrangement suggests an
approximately common direction or route.

(a) SAR image

(b) Example multi-turn VQA

Figure 4. Qualitative example of multi-turn SAR visual question
answering with SAR-GPT. Given a SAR image containing sev-
eral ships, SAR-GPT answers questions about object count, spa-
tial distribution, and approximate alignment, illustrating its ability
to support interactive semantic reasoning over SAR imagery.

are not limited to the exact templates used during SAR-
TEXT construction.

The generalization results also indicate that SAR-
language supervision can benefit datasets with different
annotation conventions. This is especially relevant for
SAR, where existing datasets vary substantially in sensor
type, resolution, geographic region, and task definition. A
language-aligned representation can provide a common se-
mantic interface across these heterogeneous sources.

4.6. Downstream Extension: SAR-GPT for SAR

VQA

Beyond retrieval and caption generation, we also examine
whether SAR-TEXT can support instruction-style SAR im-
age understanding. To this end, SAR-VQA is constructed
from SAR-TEXT and used to fine-tune a TinyGPT-V-based
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Table 9. Downstream SAR-VQA results of SAR-GPT on repre-
sentative test sets.

Split Model SPICE B4 METEOR R-L CIDEr
TinyGPT-V 0.1789 0.0000 0.1296  0.1975 0.2146
HRSID S234-SAR 0.2959 0.1328 0.2239  0.2975 0.9667
SAR-GPT 0.3211 0.1716 0.2350 0.3341 1.4732
TinyGPT-V 0.1269 0.0215 0.1093  0.1332 0.0483
0S-256 S234-SAR 0.1669 0.0730 0.1554 0.1942 0.5513
SAR-GPT 0.2974 0.2057 0.1999 0.3276 1.7976

multimodal model, resulting in SAR-GPT. This evaluation
is useful because VQA requires a model to map SAR visual
evidence into language responses in a more interactive form
than standard captioning.

As shown in Table 9, SAR-GPT consistently outper-
forms TinyGPT-V and S234-SAR on both HRSID and
OSdataset-256 SAR-VQA subsets. The gains are partic-
ularly clear in CIDEr and BLEU-4, suggesting that SAR-
TEXT-derived instruction tuning improves both semantic
grounding and response specificity. These results further in-
dicate that SAR-TEXT is not limited to image—text match-
ing or caption generation, but can also serve as a foundation
for downstream SAR-language interaction.

5. Discussion Through the Lens of Imperfect
Observation

The results highlight several implications for robust mul-
timodal Earth observation under imperfect sensing condi-
tions.

Missing or unreliable optical observations increase
the value of SAR-text alignment. When optical imagery
is unavailable or less reliable, language-aligned SAR repre-
sentations can preserve semantic access to the scene.

This is particularly relevant in operational settings where
optical imagery is not guaranteed. In such cases, SAR is of-
ten the only available source, but its interpretation requires
domain expertise. By aligning SAR imagery with language,
the model can expose SAR content through a semantic in-
terface that is more accessible to downstream retrieval, sum-
marization, and human-in-the-loop analysis.

Weak pairing can still be useful if semantic transfor-
mation is controlled. The optical-to-SAR rewriting branch
shows that imperfect paired supervision can still generate
useful language targets when grounded by explicit rules and
in-context examples.

This observation is important because perfectly synchro-
nized, manually described SAR—optical pairs are difficult to
obtain at scale. The proposed construction process does not
require optical captions to be directly copied into SAR de-
scriptions. Instead, it uses optical information as a seman-
tic reference and then filters the description through SAR-

aware rewriting rules. This makes weak cross-modal pair-
ing a practical source of supervision rather than a strict re-
quirement.

Noise matters, but structured noise is learnable. Hu-
man verification reveals that scene-level semantics remain
the main failure point, while counts and spatial phrases are
more reliable. This indicates that automatic SAR-language
supervision is imperfect but not arbitrary; its errors are
structured enough to support effective training.

The structured nature of the noise also suggests con-
crete directions for improvement. Detection-derived cap-
tions could be enriched with contextual scene cues,
segmentation-derived captions could incorporate object-
level priors, and SAR-optical rewriting could be made more
conservative when modality-specific evidence is weak.
These improvements would further reduce hallucination
while retaining the scalability of automatic annotation.

6. Limitations and Future Work

This study has several limitations. First, the generated
captions are not fully human-authored and may contain
style bias, hallucinations, or optical-centric assumptions
introduced during rewriting. Second, scene-level seman-
tics remain more error-prone than object counts and coarse
spatial descriptions, as also reflected by the human audit.
Third, although retrieval, caption generation, and SAR-
VQA directly evaluate SAR-language alignment, they do
not fully cover all imperfect-observation scenarios. Fu-
ture work should therefore examine missing-modality rea-
soning, asynchronous SAR-optical pairing, temporal mis-
match, caption-noise robustness, disaster monitoring under
cloud cover, and uncertainty-aware multimodal fusion. Fi-
nally, while progressive transfer is empirically effective, a
more formal analysis of why staged adaptation mitigates the
natural-to-SAR modality gap remains an open direction.

7. Conclusion

We presented a study of large-scale SAR-language su-
pervision for multimodal Earth observation under imper-
fect observations. By constructing SAR-TEXT with SAR-
Narrator and adapting vision—language models through pro-
gressive transfer, we show that SAR-text alignment im-
proves retrieval, caption generation, and downstream SAR
visual question answering. Human auditing further shows
that the generated supervision is generally usable at scale
while revealing remaining bottlenecks in scene-level se-
mantics and grounding. Overall, our findings suggest that
language-aligned SAR representations can serve as a prac-
tical semantic bridge when multimodal Earth observation is
incomplete, heterogeneous, or weakly paired.
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