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Highlights

What are the main ndings?
• A novel Multimodal Vision Language Transformer (MVLT-LoRA-CC) is proposed,

integrating a Vision Transformer, a Large Language Model, and Low-Rank Adaptation
(LoRA) for efcient and interpretable remote sensing change captioning.

• A new Complementary Consistency Score (CCS) framework is introduced to jointly
evaluate descriptive accuracy for change samples and stability recognition for no-change
cases, offering a unied and semantically grounded assessment.

What are the implication of the main ndings?
• The proposed MVLT-LoRA-CC achieves state-of-the-art performance on the LEVIR-CC

dataset, improving generalization and semantic precision compared to vision-only methods.
• This framework establishes a scalable and context-aware approach for multimodal

Earth observation, enhancing interpretability and robustness in environmental monitor-
ing applications.

Abstract

Describing land cover changes from multi-temporal remote sensing imagery requires
capturing both visual transformations and their semantic meaning in natural language.
Existing methods often struggle to balance visual accuracy with descriptive coherence.
We propose MVLT-LoRA-CC (Multi-modal Vision Language Transformer with Low-Rank
Adaptation for Change Captioning), a framework that integrates a Vision Transformer (ViT),
a Large Language Model (LLM), and Low-Rank Adaptation (LoRA) for efcient multi-
modal learning. The model processes paired temporal images through patch embeddings
and transformer blocks, aligning visual and textual representations via a multi-modal
adapter. To improve efciency and avoid unnecessary parameter growth, LoRA modules
are selectively inserted only into the attention projection layers and cross-modal adapter
blocks rather than being uniformly applied to all linear layers. This targeted design
preserves general linguistic knowledge while enabling effective adaptation to remote
sensing change description. To assess performance, we introduce the Complementary
Consistency Score (CCS) framework, which evaluates both descriptive delity for change
instances and classication accuracy for no change cases. Experiments on the LEVIR-
CC test set demonstrate that MVLT-LoRA-CC generates semantically accurate captions,
surpassing prior methods in both descriptive richness and temporal change recognition.
The approach establishes a scalable solution for multi-modal land cover change description
in remote sensing applications.
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1. Introduction
The automatic generation of image captions represents a dynamic intersection of

computer vision and natural language processing, aiming to produce coherent, human-like
descriptions of visual content [1]. While traditionally applied in domains such as assistive
technologies, social networks, and autonomous systems, this technology has increasing
relevance in Earth observation and environmental analysis. In particular, image change
captioning, the task of describing differences between pairs or sequences of multi-temporal
remote sensing images, provides a powerful framework for characterizing land cover
changes over time [2]. By translating complex spectral and spatial changes into descriptive
narratives, automatic captioning facilitates the interpretation of raw satellite data while
capturing the semantic essence of environmental transformations.

The primary objective in multi-temporal remote sensing captioning is the accurate
description of land cover changes. These changes represent substantive shifts in land use
and ecological processes, including deforestation, urban expansion, agricultural intensi-
cation, water body uctuations, or vegetation regrowth. For an automated captioning
system, effectively capturing and articulating these changes in natural language is criti-
cal for supporting downstream tasks, such as decision-making, environmental reporting,
or change summarization.

A key challenge in this task lies in the semantic relationships between objects when
describing land cover changes. Transformations often involve multiple interdependent
entities; for example, the conversion of forest to agricultural land entails both the loss of
vegetation and the emergence of cultivated areas. Human annotators emphasize different
aspects of these changes: some highlight vegetation removal, others the emergence of built
infrastructure, and others the broader ecological context. Automated captioning systems
must therefore account for both object-level changes and higher-order relational patterns to
produce semantically meaningful descriptions.

Evaluating the outputs of automated captioning systems also presents challenges. Gen-
erated captions must accurately depict complex spatial and temporal transformations, yet
human descriptions exhibit signicant variability in wording and emphasis. Conventional
metrics, such as BLEU or ROUGE, often fail to capture semantically correct but lexically
distinct captions, and may not adequately handle no change instances. Selecting robust
evaluation strategies is therefore essential for assessing multi-temporal captioning systems.

Recent approaches have explored multi-temporal image captioning from several per-
spectives. Chg2Cap [3] employs a three-stage architecture with a Siamese CNN-based
feature extractor, an attentive encoder, and a Transformer-based caption generator. RSICC-
former [4] uses a fully Transformer-based architecture tailored for remote sensing change
captioning. SAT-Cap [5] integrates spatial- and channel-level attention mechanisms with a
difference-guided fusion module for efcient multi-temporal feature integration. While
effective, these methods are constrained by dataset-specic vocabularies and pretraining
objectives, which limit generalization and produce repetitive or template-like captions.

Moreover, existing models generally operate in a vision-only regime, lacking the
ability to leverage external textual guidance. Recent advances in multi-modallearning [6]
enable architectures that process both image and text inputs, allowing natural language
prompts to guide the attention and descriptive focus of the model. This capability supports
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more exible and context-aware caption generation, moving beyond static, dataset-specic
vocabularies toward semantically rich descriptions.

To address these limitations, we propose a multi-modal Vision Language Transformer
(MVLT-LoRA-CC) that integrates a Vision Transformer (ViT) for spatial representation,
a Large Language Model (LLM) for linguistic reasoning, and Low-Rank Adaptation (LoRA)
for parameter-efcient ne tuning. By processing paired multi-temporal images and
incorporating textual guidance, the model generates descriptive captions that accurately
convey land cover changes. Leveraging universal pretrained vocabularies and cross-modal
feature alignment, our approach achieves state-of-the-art performance on the LEVIR-
CC dataset [4], providing a scalable and semantically robust framework for describing
environmental transformations.

Finally, we propose the Complementary Consistency Score (CCS) framework to pro-
vide a unied evaluation strategy for both change and no change instances, addressing the
limitations of conventional lexical metrics. This allows for a more semantically grounded
assessment of multi-temporal captioning quality.

The remainder of this paper is structured as follows: Section 2 presents the proposed
multi-modal Vision Language Transformer architecture, detailing the visual and linguistic
components and the integration of LoRA. Section 2.5 describes the LEVIR-CC dataset and
its relevance for multi-temporal remote sensing captioning. Section 2.6 introduces the CCS
evaluation framework. Section 2.9 reports experimental results, including quantitative and
qualitative assessments. Finally, Section 5 concludes with a summary of contributions and
directions for future work.

2. Materials and Methods
To effectively address the task of monitoring land cover changes through multi-

temporal remote sensing image captioning, we design a hybrid multimodal framework
that integrates Vision Transformers (ViTs), Large Language Models (LLMs), and Low-Rank
Adaptation (LoRA). The goal is to jointly process sequences of remote sensing images and
textual inputs so that the model can generate captions describing both spatial patterns and
their temporal evolution.

In contrast to standard single image encoders, our framework is tailored for multi-
temporal inputs. Each image in the temporal sequence is decomposed into xed-size
patches and embedded using a lightweight convolutional projection [7]. The resulting
patch tokens from all timestamps are concatenated into a unied token sequence, enabling
the Vision Transformer to model temporal dynamics directly through its self-attention
layers. Spatial and temporal consistency is maintained using positional encodings that
include temporal indices, allowing the model to differentiate between acquisition times
while preserving spatial alignment across the sequence.

To control information ow inside the visual module, we apply a BlockDiagonalMask
so that attention is restricted to visual tokens. This maintains clean intra- and inter-temporal
reasoning within the Vision Encoder. Rotary positional embeddings (RoPE) are employed
to enrich spatial relationships without requiring explicit derivations of the underlying
attention mechanism [8].

Bridging visual and textual modalities is achieved through a pretrained multimodal
LLM following a cross-attention fusion paradigm similar to [9]. In this setup, visual
tokens condition the language model during autoregressive caption generation, allow-
ing textual queries to access multi-temporal visual information at each decoding step.
A BlockDiagonalCausalMask enforces causal constraints for text tokens while keeping all
visual tokens globally accessible, ensuring stable multimodal conditioning throughout the
generation process.
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Given that directly ne tuning large multimodal LLMs is computationally prohibitive,
we integrate Low-Rank Adaptation (LoRA) [10–12] specically into two components of
our architecture: the multi-modal Transformer backbone and the visual adapter. In both
modules, LoRA introduces compact trainable low-rank matrices into selected projection
layers while keeping the pretrained parameters frozen. This setup signicantly reduces
memory consumption and enables efcient domain adaptation to multi-temporal remote
sensing data, allowing the model to learn temporal change representations without full
end-to-end ne tuning.

The overall structure of the proposed framework is illustrated in Figure 1, highlighting
the ow frommulti-temporal visual inputs and text tokens through the shared multi-modal
Transformer backbone with LoRA adapters.

Figure 1. Overview of the proposed multi-temporal vision language architecture. Multi-temporal
satellite images are encoded by a frozen Vision Transformer, producing visual token sequences that
serve as inputs to the Vision Language Adapter. LoRA modules are selectively integrated only into
the Vision Language Adapter and the multi-modal Transformer blocks, enabling efcient cross-modal
alignment and multimodal reasoning without modifying the pretrained visual backbone.
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2.1. Multi-Temporal Input Processing

Multi-temporal image sequences are represented as

It ∈ RC×H×WTt=1, (1)

where T is the number of temporal observations, C denotes the number of channels, and H
and W are the spatial dimensions. Each image is decomposed into patches via Conv2D
projection and normalized with RMSNorm to produce patch embeddings Xt ∈ RN×D,
where N is the number of patches and D is the embedding dimension. These embeddings
are processed by a stack of visual Transformer layers to capture spatial dependencies and
preserve temporal structure. Optionally, a Patch Merger reduces spatial redundancy:

Zt = PatchMerger(X̃(Lv)
t ). (2)

Here, X̃(Lv)
t ∈ RN×D denotes the output of the nal visual Transformer layer,

with Lv representing the number of Transformer encoder layers in the vision branch,
and Zt ∈ RN′×D is the merged representation (N′ < N) that preserves high-level semantic
information while reducing spatial redundancy.

2.2. Cross-Modal Fusion Mechanisms

Temporal visual embeddings Zt are projected into a shared multimodal space via a
lightweight Vision Language Adapter:

Ft = Wout GELU(ZtWin). (3)

Here,Win andWout are the input and output projection matrices, respectively, GELU(·)
is the activation function, and Ft is the resulting multimodal embedding.

Text tokens T = t1, . . . , tL are embedded and concatenated with visual features to
form a multi-modal sequence:

X0 = [F1; F2; . . . ; FT ; T ]. (4)

This sequence is processed by a multi-modal Transformer backbone that fuses visual
and textual information, enabling rich cross-modal representations.

2.3. Autoregressive Multimodal Conditioning

A BlockDiagonalCausalMask enforces autoregressive dependencies on text tokens
while allowing full access to all visual tokens:

Mcausal =




0, if token i can attend to token j;

−∞, otherwise.

Here, j ≤ i for text tokens, or j corresponds to a visual token. This ensures that
each generated word is conditioned on both prior words and the complete multi-temporal
visual context. The nal multi-modal representation is normalized and projected to the
vocabulary space:

Y = RMSNorm(X(Lm))Wo, P(wi  w<i, I1:T) = softmax(Yi). (5)

Here,Wo is the output projection matrix, RMSNorm(·) is the root mean square layer
normalization, Y is the projected representation in the vocabulary space, and P(wiw<i, I1:T)
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is the probability of predicting token wi given all previous predicted tokens w<i and the
visual inputs I1:T .

2.4. Specic LoRA Integration Rationale

To enable efcient ne tuning of the multi-modal architecture while avoiding unneces-
sary parameter overhead, LoRA is selectively applied only to modules that most strongly
inuence cross-modal alignment and language driven reasoning. Instead of distributing
LoRA adapters uniformly across all Transformer layers, we adopt a task-oriented strategy
that focuses on adapting the model components responsible for bridging visual and textual
semantics. This selective integration minimizes computational cost while preserving the
robust general-purpose representations learned during pretraining.

1. No LoRA in Vision Transformer Blocks.

Although Vision Transformer (ViT) blocks contain many parameters, we intentionally
avoid inserting LoRA adapters into their Multi-Head Self-Attention (MHSA) or Feed-
Forward Network (FFN) layers. This decision is motivated by two considerations:

(i) Stable low-level visual features. Pre-trained ViTs already provide strong spatial
representations that generalize well across remote sensing domains. Introducing LoRA
into the deep visual stack risks altering these stable features and may degrade the spatial
consistency required for multi-temporal analysis.

(ii) Task-specic adaptation occurs after visual abstraction. Our method relies on
aligning high-level visual semantics with language, which happens after the vision encoder.
Since the ViT’s role is to extract modality-specic spatiotemporal patterns, it is more
effective to preserve it unchanged and apply LoRA only to the cross-modal components
where semantic alignment is required.

Empirically, we nd that retaining a frozen ViT backbone leads to more stable learning
dynamics, reduces overtting on domain-specic remote sensing datasets, and concentrates
the learnable capacity of LoRA where it yields the most signicant performance gains.

2. Vision Language Adapter (Cross-Modal Alignment).

The Vision Language Adapter is the primary interface where visual embeddings are
projected into the shared multimodal space. LoRA is applied to its input and output projec-
tion layers, enabling the model to adjust visual to textual mapping with minimal trainable
parameters. These low-rank updates allow the adapter to rene semantic alignment be-
tween visual tokens and language features crucial for generating temporally grounded
captions without modifying the underlying ViT or LLM backbones.

3. Multi-modal Transformer Blocks.

LoRA is also inserted into theMulti-Head Attention and FFN layers of the multi-modal
side Transformer blocks. These layers perform the core multimodal reasoning: integrating
temporal visual representations with textual context during autoregressive decoding. By
applying LoRA here, the model can learn task-specic cross-modal dependencies (e.g.,
linking observed land cover change patterns to linguistic expressions) while keeping the
large pretrained LLM frozen.

4. Exclusion of Convolutional Layers.

LoRA is not applied to the initial Conv2D patch embedding layer. Unlike dense
linear transformations, convolutional lters encode strong spatial priors and have limited
parameter redundancy, making low-rank decomposition suboptimal. Moreover, freezing
the convolutional parameters preserves stable low-level spatial features across temporal
observations, while subsequent Transformer and adapter layers learn the domain-specic
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adaptation required for captioning land cover changes. This results in both computational
efciency and improved temporal consistency.

In summary, our LoRA strategy emphasizes adapting the parts of the model re-
sponsible for semantic fusion and reasoning, while preserving the pretrained modules
responsible for low-level feature extraction and spatial representation. This targeted ap-
proach maximizes adaptation efciency and performance in multi-temporal remote sensing
captioning tasks.

The following pseudocode (see Algorithm 1) illustrates the high-level processing ow
of the multi-modal Vision Language Transformer with LoRA integration. It demonstrates
multi-temporal input processing, cross-modal fusion, and autoregressive decoding in a
concise, Python-like format.

Algorithm 1 Multi-modal Vision Language Forward Pass with LoRA

Require: text_tokens, images, sequence lengths
Ensure: output logits over vocabulary
1: text_features ← TokenEmbedding(text_tokens)
2: for each It in images do
3: Xt ← Conv2D(It)
4: Xt ← RMSNorm(Xt)
5: Zt ← VisionTransformer(Xt)
6: Ft ← VisionLanguageAdapter(Zt) ▷ LoRA applied
7: end for
8: X0 ← Concat([F1, . . . , FT , text_features])
9: H ← MultiModalTransformer(X0, BlockDiagonalCausalMask) ▷ LoRA applied

10: H ← RMSNorm(H)
11: output_logits ← HWo
12: return output_logits

2.5. Dataset Description: LEVIR-CC

To evaluate the proposed multi-modal vision language framework for land cover
change monitoring, we adopt the LEVIR-CC dataset, a large-scale and richly annotated
benchmark specically designed for Remote Sensing Image Change Captioning (RSICC)
tasks. This dataset provides a solid foundation for developing and validating models
capable of generating natural language descriptions of land cover dynamics, effectively
bridging visual change detection and semantic caption generation.

The LEVIR-CC dataset introduced in [4]. The dataset is constructed from multi-
temporal, very high-resolution (VHR) remote sensing imagery collected primarily from
Google Earth, with a ground sampling distance of approximately 0.5m per pixel. It
contains a total of 10,077 carefully aligned bitemporal image pairs, each of spatial size
256× 256 pixels. Every image pair is accompanied by ve human-written captions, result-
ing in more than 50,000 natural language descriptions that narrate the observed changes.

Each caption provides concise yet semantically rich descriptions of surface changes
such as the construction or demolition of buildings, road expansions, vegetation increase
or loss, and other anthropogenic modications. The textual annotations are linguistically
diverse, with an average caption length of approximately 11.6 words, covering a vocabulary
of over 2800 unique tokens. The image pairs are temporally distributed across multiple
years and include complex urban, suburban, and rural contexts, ensuring broad geographic
and semantic diversity.

A key strength of LEVIR-CC lies in its scale, diversity, and annotation quality.
The dataset’s multi-domain coverage and ne-grained textual labels enable robust cross-
modal learning between vision and language modalities. Furthermore, its balanced rep-
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resentation of change and non-change samples allows for effective evaluation of both
detection accuracy and descriptive reasoning.

Since its release, LEVIR-CC has evolved into a standard benchmark for multi-modal
remote sensing research. Recent studies have used it to evaluate models for vision language
pretraining, multi-modal reasoning, and semantic change detection [5,13,14]. Its structured
design, large-scale human annotations, and well-aligned bitemporal image caption pairs
make it particularly suitable for training and assessing models that aim to jointly capture
spatial, temporal, and semantic correlations.

Given these attributes, LEVIR-CC provides an ideal experimental platform for as-
sessing our proposed architecture. It enables rigorous evaluation of both visual encoding
performance and cross-modal generative capabilities, offering a meaningful benchmark for
understanding how Transformer-based vision language models can interpret and describe
real-world land cover evolution.

To provide a clearer understanding of the dataset characteristics, Figure 2 (taken
from [4]) presents representative examples from the LEVIR-CC benchmark, highlighting
various types of land cover changes and their associated human-annotated captions.

Figure 2. Example samples from the LEVIR-CC dataset. Each bi-temporal image pair has a spatial
size of 256× 256 pixels at a spatial resolution of 0.5 m/pixel, accompanied by ve human-annotated
captions describing the detected land cover changes. Unlike LEVIR-CC, which focuses solely on
building-related changes, LEVIR-CC encompasses multiple change types, including buildings, roads,
and rivers while disregarding irrelevant variations such as illumination differences, shadows, or mi-
nor vegetation changes. (gure taken from [4]).

The LEVIR-CC dataset presents a balanced distribution between change and no change
samples, as shown in Table 1. Each change image pair is annotated with ve diverse
captions describing specic land cover modications, such as new constructions, vegetation
loss, or infrastructure expansion. In contrast, no change samples share a uniform set of
ve identical captions indicating the absence of observable change. This design allows the
dataset to support both descriptive and discriminative evaluation: Models can be assessed
not only on their capacity to generate semantically rich captions for true changes but also
on their ability to correctly identify and represent stable regions through consistent no
change predictions.
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Table 1. Number of bitemporal image pairs in the training, validation, and test sets of the LEVIR-
CC dataset.

Change or Not Training Validation Test Total

change 3407 667 964 5038
no change 3408 666 965 5039

Total 6815 1333 1929 10,077

Dual Task Challenge in LEVIR-CC

The evaluation of models trained on LEVIR-CC requires special attention due to its
inherent dual task nature. The dataset simultaneously supports two distinct but comple-
mentary objectives: identifying whether a bi-temporal image pair represents a change or
no change scenario, and generating descriptive captions for samples containing actual
changes. This duality complicates metric interpretation, as conventional captioning scores
such as BLEU, CIDEr, METEOR, and SPICE are meaningful only for positive change cases,
where textual descriptions convey semantic content. For no change samples, evaluation
should instead focus on the model’s ability to correctly recognize stability and consistently
generate neutral no change expressions. Aggregating both types of samples into a single
evaluation can obscure performance, since standard text similarity metrics are insensitive
to the semantic polarity of negative statements. Therefore, a decoupled evaluation pro-
tocol separating change and no change cases provides a more faithful and interpretable
assessment of multi-modal models designed for change captioning tasks.

2.6. Metrics Used in Image Captioning

In this section, we describe the most commonly used automatic evaluation metrics
for image captioning. These include BLEU [15], METEOR [16], ROUGE [17], CIDEr [18],
and SPICE [19]. Each metric captures different aspects of caption quality, from n-gram
overlap to semantic content. The variability in human descriptions poses a fundamental
challenge for automatic evaluation of captioning models. Metrics such as BLEU or ROUGE-
L, which rely heavily on surface-level n-gram overlap, often penalize outputs that use
different words or sentence structures despite accurately conveying the same semantic
meaning. In the context of multi-temporal remote sensing, this issue becomes even more
critical, since descriptions of land cover change may legitimately emphasize different
aspects of the same transformation, such as the disappearance of vegetation versus the
emergence of cropland. As a result, a model’s prediction may be judged as poor under
lexical overlap metrics even when it is semantically valid. More advanced measures like
CIDEr and SPICE attempt to mitigate this limitation by incorporating consensus weighting
or semantic parsing, but they too struggle to fully capture domain-specic nuances, such
as the ecological and socioeconomic signicance of certain changes. These challenges
highlight the need for careful selection and interpretation of evaluation metrics when
assessing captioning systems designed for environmental monitoring.

BLEU (n-gram Precision in Captioning): BLEU is based on the precision of n-grams
between candidate and reference captions. While it is widely used due to its simplicity
and comparability, it is less effective for short, variable captions where synonyms and
paraphrasing are common.

METEOR (Recall Oriented Evaluation): METEOR improves upon BLEU by incorpo-
rating stemming, synonyms, and recall. It has been shown to correlate better with human
judgments, especially at the sentence level, making it suitable for evaluating short captions.

ROUGE-L (Overlap Based Summarization Metric): Originally proposed for text sum-
marization, ROUGE-Lmeasures recall oriented overlap using n-grams and longest common
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subsequences. Its focus on recall makes it less common in captioning but still useful for
capturing content coverage.

CIDEr (Consensus-Based Evaluation): CIDEr was specically designed for image
captioning. It employs TF-IDF-weighted n-gram similarity to reward informative and
distinctive words. It is the primary metric in many captioning benchmarks, as it correlates
strongly with human judgments.

SPICE (Semantic Propositional Image Caption Evaluation): SPICE evaluates caption
quality by comparing scene graphs of candidate and reference captions, focusing on seman-
tic propositional content such as objects, attributes, and relationships. This semantic-based
approach makes it more effective than lexical overlap metrics for tasks requiring seman-
tic accuracy, and it correlates well with human judgments, particularly in contexts with
paraphrasing or synonym use.

2.7. Importance of Metrics for Change Captioning

Given the specic challenges of multi-temporal remote sensing captioning, it is useful
to consider the relative importance of these metrics for evaluating model performance.
CIDEr and SPICE generally provide the most informative assessment, as they better capture
semantic content and reward distinctive, contextually meaningful descriptions of land
cover changes. METEOR also holds high relevance due to its consideration of synonyms
and recall, which is critical when multiple valid expressions can describe the same trans-
formation. BLEU and ROUGE-L, while still valuable for lexical consistency and content
coverage, are less reliable in this context because they are highly sensitive to exact word
matches and may penalize semantically correct but lexically diverse predictions. There-
fore, for change captioning tasks, metrics emphasizing semantic delity and consensus
(CIDEr, SPICE, METEOR) should be prioritized, while BLEU and ROUGE-L can serve as
supplementary measures to complement the overall assessment (see Table 2).

Table 2. Summary of image captioning metrics and their relevance for change captioning tasks.

Metric Focus Relevance

CIDEr TF–IDF weighted n-grams Very High : rewards informative and semantically relevant words

SPICE Semantic propositional content Very High: focuses on meaning; aligns with human judgment

METEOR Recall, synonyms, stemming High: captures semantic similarity and paraphrases

BLEU n-gram precision Low Medium: sensitive to exact wording; penalizes
valid paraphrases

ROUGE-L Recall oriented n-grams and LCS Medium: captures content coverage but sensitive to exact wording

According to Table 2, the following composite measures have been introduced in the
state-of-the-art approach to address the limitations of individual metrics and provide a
more robust evaluation framework:

SBMRC =
1
4

BLEU-4+METEOR+ ROUGE-L+CIDEr


, (6)

SMC =
1
2

METEOR+CIDEr


, (7)

SMCS =
1
3

METEOR+CIDEr+ SPICE


. (8)

The composite score SBMRC offers a balanced integration of lexical and semantic eval-
uation criteria by combining BLEU-4, METEOR, ROUGE-L, and CIDEr. This formulation
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jointly accounts for precision and recall, capturing both textual consistency and descriptive
adequacy. The simplied variant SMC focuses on meaning-oriented assessment through
METEOR and CIDEr, providing a compact yet semantically robust indicator of performance.
Meanwhile, SMCS further strengthens the emphasis on semantic delity by incorporating
SPICE alongside METEOR and CIDEr, making it especially relevant for tasks where the
accurate conveyance of meaning and contextual relationships is critical.

Overall, these composite metrics are intended to counterbalance the weaknesses of
individual measures, particularly their susceptibility to lexical variation, and deliver a
more comprehensive and reliable evaluation framework for multi-temporal remote sensing
image captioning models.

To illustrate the behavior and relevance of the previously described metrics in the
context of multi-temporal change captioning, we conducted a set of experiments using the
test set of the LEVIR-CC dataset. Each sample in the dataset is annotated with ve reference
captions describing the observed changes. In our evaluation setup, we follow a common
protocol in captioning studies: One caption is treated as the predicted output from the
model, while the remaining four captions serve as reference descriptions. This approach
allows us to simulate the variability in human language and analyze how different metrics
respond to lexical and semantic differences between the predicted caption and multiple
valid references.

By applying BLEU, METEOR, ROUGE-L, CIDEr, and SPICE in this setting, we can
observe the sensitivity of each metric to paraphrasing, synonym usage, and semantic
coverage, providing insights into their suitability for evaluating change captioning tasks.
The results for samples with only changes are presented in Table 3, while the results for
samples with no changes are shown in Table 4.

Table 3. Evaluation results (%) on the LEVIR-CC test set for samples with only changes, using each
caption as the predicted output and the remaining four as references. Values in bold indicate the
best-performing results.

Prediction BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE SBMRC SMC SMCS

Caption 1 62.20 42.90 28.90 19.20 23.70 43.40 42.00 23.00 32.10 32.85 29.60
Caption 2 62.50 41.80 26.80 17.30 23.20 43.20 38.30 22.50 30.50 30.75 28.00
Caption 3 62.00 43.30 29.90 20.10 25.00 44.20 46.70 22.70 34.00 35.85 31.50
Caption 4 66.10 46.40 31.60 22.00 23.40 43.70 41.60 20.40 32.70 32.30 2 8.50
Caption 5 60.70 40.90 26.30 17.30 22.70 42.30 37.40 21.60 29.90 30.05 27.20

Average 62.70 43.06 28.70 19.18 23.60 43.36 41.20 22.04 31.84 32.36 28.96

Table 4. Evaluation results (%) on the LEVIR-CC test set for samples with no changes, using each
caption as the predicted output and the remaining four as references.

Prediction BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE-L CIDEr SPICE SBMRC SMC SMCS

Caption 1 50.00 0.00 0.00 0.00 5.20 25.00 - 0.00 - - -
Caption 2 20.00 0.00 0.00 0.00 11.10 16.20 - 20.00 - - -
Caption 3 28.60 0.00 0.00 0.00 10.90 19.10 - 20.00 - - -
Caption 4 28.60 0.00 0.00 0.00 10.90 19.10 - 20.00 - - -
Caption 5 25.00 0.00 0.00 0.00 15.70 25.00 - 0.00 - - -

Average 30.44 0.00 0.00 0.00 10.76 20.88 - 12.00 - - -

The evaluation results for no change samples, presented in Table 4, reveal a markedly
different behavior compared to the change samples. In this case, the overall metric values
are substantially lower, especially for BLEU and ROUGE-L, which depend heavily on
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lexical overlap. This outcome is expected, as no change captions typically employ short and
semantically equivalent expressions with considerable lexical variation (e.g., there is no
difference vs. the two scenes seem identical), resulting in limited n-gram correspondence
among captions.

It is important to note that the CIDEr metric was not computed for this subset, since
many identical phrases occur repeatedly across samples, leading to undened or non-
informative TF–IDF weighting. Under such conditions, CIDEr cannot reliably capture
distinctiveness or informativeness, which are central to its formulation. Conversely, ME-
TEOR and SPICE maintain comparatively higher and more-consistent values, reecting
their greater sensitivity to semantic similarity and propositional meaning.

Overall, the results emphasize the limitations of traditional overlap-based metrics
in evaluating semantically equivalent no change captions. In fact, most state-of-the-art
methods that report high evaluation scores on such samples do so by predicting a xed
no change phrase identical to the reference text. While this strategy ensures perfect metric
alignment, it effectively transforms the problem from a caption generation task into a binary
classication one simply detecting whether change occurs or not, thus overlooking the
generative and descriptive objectives that dene captioning-based approaches.

To further illustrate the evaluation challenges discussed, we conducted an additional
experiment including both change and no change samples from the LEVIR-CC test set.
For the latter, ve equivalent expressions were employed to indicate the absence of change,
each corresponding to one of the reference captions, as shown in Table 5. This setup enables
us to analyze how lexical variability among semantically equivalent no change statements
inuences the behavior of automatic evaluation metrics. Specically, we compare three
congurations using caption 3, the best-performing case in Table 3, as the predicted text:

(i) Original conguration: The no change sentences differ in wording across captions.
(ii) Unied phrasing conguration: The predicted caption employs a unied phrasing

identical to one of the reference sentences (“the two scenes seem identical”).
(iii) Minor lexical difference conguration: Introduces a subtle variation in the no change

sentence by altering a single word (“is”) relative to caption 4, changing “no change
has occurred” to “no change is occurred”.

In these cases, all no change samples are correctly predicted. In the rst case, the sam-
ples are expressed through distinct yet semantically equivalent phrases. In the second,
the model generates a no change sentence that exactly matches one of the reference texts,
representing the most typical situation in practical model evaluation. The third congura-
tion, despite involving only a minimal lexical modication, yields a considerable decrease
in most metric scores. Together, these comparisons highlight the strong sensitivity of auto-
matic metrics to surface-level textual similarity and their tendency to over penalize valid
paraphrases, thus underscoring the inherent limitations of lexical overlap-based measures
in dual task captioning scenarios.

Table 5. Reference sentences labeled as no change corresponding to each caption in the LEVIR-CC
test set.

Caption No Change Sentence

Caption 1 “there is no difference.”
Caption 2 “the two scenes seem identical.”
Caption 3 “the scene is the same as before.”
Caption 4 “no change has occurred.”
Caption 5 “almost nothing has changed.”
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The results in Table 6 clearly demonstrate the sensitivity of traditional captioning
metrics to lexical variation in no change expressions. Despite conveying the same semantic
meaning, the original conguration with diverse no change phrases yields substantially
lower scores across all metrics. When a single, consistent phrasing is used, performance
values increase dramatically particularly for BLEU, ROUGE-L, and CIDEr, which rely on
exact n-gram overlap. This outcome empirically supports the discussion in the previous
section: Automatic metrics can undervalue semantically correct predictions in dual task
captioning datasets like LEVIR-CC, where linguistic diversity naturally arises. Therefore,
metric interpretation must account for this limitation to avoid misleading conclusions about
model quality.

Table 6. Evaluation results (%) on the LEVIR-CC test set for both change and no change samples.
Three congurations are compared: (i) Original variation: distinct paraphrases for no change captions;
(ii) Unied phrasing: predicted captions use a phrasing identical to one of the reference sentences
(“the two scenes seem identical”); (iii) Minor lexical difference: a single word change (“is”) in the no
change sentence. Results highlight the sensitivity of automatic metrics to lexical variability.

Conguration (No Change Phrasing) B1 B2 B3 B4 M R C S SBMRC SMCS

Original variation: distinct paraphrases
across captions 49.40 30.80 20.70 13.80 19.80 31.70 28.60 21.30 23.50 23.30

Unied phrasing: identical text to one reference
(“the two scenes seem identical”) 73.50 60.30 50.20 41.80 36.90 72.10 153.40 38.60 76.10 76.30

Minor lexical difference: “no change has occurred”
to “no change is occurred” 71.80 47.10 29.70 19.40 35.10 59.60 59.70 22.40 43.50 39.10

B1 = BLEU-1, B2 = BLEU-2, B3 = BLEU-3, B4 = BLEU-4, M = METEOR, R = ROUGE-L, C = CIDEr, S = SPICE.

2.8. Toward a More Suitable Evaluation Strategy for Dual Task Captioning

The experiments discussed above reveal a key limitation of traditional captioning
metrics when applied to the LEVIR-CC dual task setting. Conventional measures such
as BLEU, METEOR, ROUGE-L, CIDEr, and SPICE are well suited to evaluating textual
descriptions of visual changes but become unreliable when assessing no change captions.
In these cases, minor lexical variations between semantically equivalent sentences (e.g., “the
scene is the same as before” vs. “the two scenes remain identical”) can lead to substantial
uctuations in computed scores, even though both statements convey the same meaning.
This inconsistency obscures the true performance of models that must simultaneously
detect and describe changes.

To address this issue, we propose a two-branch evaluation protocol that separates the
measurement of descriptive quality from the assessment of change detection accuracy:

• Change samples: For samples where a change is present, we continue to employ stan-
dard captioning metrics BLEU, METEOR, ROUGE-L, CIDEr, and SPICE to quantify
the quality, uency, and semantic correctness of the generated change descriptions.

• No change samples: For samples where no change is present, evaluation focuses on
the model’s ability to correctly recognize scene stability. Since this task represents a
categorical rather than descriptive decision, traditional similarity-based captioning
metrics are not appropriate. Instead, we evaluate such cases using accuracy, de-
ned as the ratio of correctly identied no change samples to the total number of no
change instances:

Sno-change =
TPno-change

Nno-change
, (9)
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where TPno-change denotes the number of correctly predicted no change cases, and
Nno-change is the total number of samples labeled as no change. This formulation
yields an interpretable measure of the model’s capacity to detect temporal stability,
independent of linguistic variability.

Finally, we dene a unied evaluation index, denoted as the Change Captioning Score
(CCS), which integrates both descriptive and detection performance using a balancing
coefcient β ∈ [0, 1]. Each variant of the composite metric can be incorporated as the
change-sensitive component:

CCSBMRC = β · SCCS_BMRC + (1− β) · Sno-change (10)

CCSMC = β · SCCS_MC + (1− β) · Sno-change (11)

CCSMCS = β · SMCS + (1− β) · Sno-change (12)

The parameter β allows exible weighting according to dataset composition or appli-
cation focus, for example, β = 0.5 for balanced test sets or β = 0.7 when precise change
description is prioritized.

This hybrid evaluation framework mitigates the lexical sensitivity of traditional met-
rics and aligns the assessment process with the dual objectives of multi-modal change
captioning: accurately identifying when a change occurs and effectively describing what
has changed.

2.9. Experimental Setup

To evaluate the effectiveness of our proposed framework, we employ theMistral-Small-
3.1-24B-Instruct-2503 (https://huggingface.co/mistralai/Mistral-Small-3.1-24B-Instruct-
2503, accessed on 17 October 2025) model as the foundational multi-modal Large Language
Model (LLM) for ne-tuning with Low-Rank Adaptation (LoRA). This state-of-the-art,
instruction-tuned model with 24 billion parameters is specically designed to handle
image–text inputs and produce textual outputs, making it well suited for tasks requiring
joint reasoning across visual and linguistic modalities. By integrating LoRA, we efciently
adapt its pre-trained weights to the specialized domain of multi-temporal remote sensing
image captioning, while preserving the model’s general multi-modal knowledge and
language generation capabilities. This approach ensures that the model retains its robust
ability to process and reason about both visual and textual information, while being ne-
tuned to accurately describe spatial and temporal land cover changes, all with signicantly
reduced computational overhead compared to full ne tuning.

2.10. LoRA Integration: Target Layer Selection

Following the integration strategy described in Section 2.4, LoRA is applied only to
the Vision Language Adapter and the multi-modal Transformer blocks. Table 7 summarizes
the parameter components of the multi-modal model, highlighting which modules remain
frozen and which include LoRA parameters (rank = 128) during ne-tuning.

2.11. Model Architecture and Training Conguration

Key architectural parameters are summarized below; detailed layer shapes are pro-
vided in Table 7.

Model Parameters

• Model Dimension (dmodel): 5120.
• Number TextTransformer Blocks: 40.
• Attention Heads (nheads): 40.
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• Head Dimension (dhead): 128.
• Hidden Dimension (dff): 32,768.
• Vocabulary Size: 131,072.
• Normalization Epsilon (ϵnorm): 1× 10−5.
• Vision Transformer: patch size 14× 14 and 24 transformer blocks.

Table 7. Compact parameter dimensions of the multi-modal base model. Frozen (✗) and train-
able LoRA (✓) parameters are indicated. Repeated transformer blocks are summarized for brevity.
The value 128 in bold refers to the rank of the LoRA matrices.

Component Parameter Shape Trainable

Text Embedding Token Embed [131072, 5120] ✗

Vision embedding (patch-level) Patch Embed (patch_conv.w) [1024, 3, 14, 14] ✗

Pre-LN (ln_pre.w) [1024] ✗

VisionTransformerBlock 0 Attn LN (attn_norm.w) [1024] ✗

WQ/WK/WV/WO [1024, 1024] ✗

FFN Proj (W1/W2/W3) [4096, 1024] / [1024, 4096] ✗

FFN LN [1024] ✗

VisionTransformerBlocks 1–24 (same
structure) Repeated block parameters (same as Block 0) ✗

VisionLanguageAdapter Norm (norm.w) [1024] ✗

Patch Merge (merge_layer.w) [1024, 4096] ✗

Linear 1 Base (base.w) [5120, 1024] ✗

Linear 1 LoRA (A/B) [128, 1024] / [5120, 128] ✓

Linear 2 Base (base.w) [5120, 5120] ✗

Linear 2 LoRA (A/B) [128, 5120] / [5120, 128] ✓

multi-modal TransformerBlocks 0 Attn (WQ/WK/WV/WO) Base [4096, 5120], [1024, 5120] ✗

Attn LoRA (A/B) [128, 5120], [4096, 128] ✓

FFN ((W1/W2/W3)) [32768, 5120], [5120, 32768] ✗

FFN LoRA (A/B) [128, 5120], [32768, 128] ✓

FFN LN [5120] ✗

multi-modal TransformerBlocks 1–40
(same structure) Repeated block parameters (same as Block 0) ✓ (LoRA only)

Final LN (final_norm.w) [5120] ✗

LM Head (lm_head.w) [131072, 5120] ✗

On the other hand, Table 8 presents the parameter statistics of the multi-modal model
under LoRA ne-tuning, highlighting the small proportion of trainable parameters. Table 9
outlines the training conguration used in this work.

Table 8. Parameter statistics of the multi-modal base model. The table reports the total parameter
count, trainable (LoRA) subset, and frozen parameters. LoRA adapters (rank = 128) enable ne-tuning
only 3.0% of the total parameters.

Parameter Type Count % of Total

Total Parameters 24.75B 100%
• Trainable Parameters (LoRA) 741.3M 3.0%
• Frozen Parameters 24.01B 97.0%

Table 9. Training conguration used for LoRA ne-tuning of the multi-modal Mistral-24B model. All
settings are derived directly from the training script. Lazy data loading and random sampling were
applied to improve efciency.

Parameter Value/Description

LoRA Conguration Rank = 128, α = 32, dropout = 0.1
Sequence Length 2048 tokens
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Table 9. Cont.

Parameter Value/Description

Batch Size 10
Training Epochs 5
Learning Rate 3× 10−6, cosine with restarts scheduler
Optimizer AdamW (weight decay = 0.01, max grad norm = 1.0)
Loss Function Cross entropy with masking applied.

2.12. Data Preparation and Input Formatting

For reproducibility, we detail the complete preprocessing and prompting pipeline
used for multi-temporal caption training. All textual elds were normalized using Unicode
NFC, lowercased, and cleaned to remove repeated whitespace and non-printable characters.
Tokenization followed the native tokenizer of the Mistral-Small-3.1-24B-Instruct model
(vocabulary size 131,072), ensuring consistency with the pretraining distribution.

The LEVIR-CC dataset is used not only for evaluation but also as the primary super-
vised dataset for model training, validation, and testing. We strictly follow the ofcial data
partitioning provided by the LEVIR-CC dataset website, which includes xed and non-
overlapping training, validation, and test splits. The training split is used to optimize the
LoRA parameters, the validation split is employed for model selection and early stopping,
and the test split is reserved exclusively for nal performance evaluation, ensuring fair
comparison and reproducibility across studies.

Each training sample contains a pair of satellite images corresponding to two times-
tamps. Following the conversational instruction format of the underlying model, we
construct a message-based prompt in JSON form with explicit user and assistant roles.
The user message contains a xed instruction and both temporal images:

text-prompt: “Provide a concise summary highlighting the key differences
between the two satellite images.”
Image_T1: <imageA>
Image_T2: <imageB>

The assistant message contains the target caption. The dataset provides multiple
reference captions per image pair; therefore, each caption is treated as an independent
training instance. The mapping follows the structure

“messages”: [
{“role”: “user”, “content”: [text-prompt, imageA, imageB ]},
{“role”: “assistant”, “content”: [reference caption ]} ]

This structure directly mirrors the training implementation, where, for each image
pair, we iterate over all available human written captions and create one training example
per caption. This increases data diversity and stabilizes instruction-following behavior
during ne tuning.

At inference time, the same instruction is used, but the assistant content is omitted,
enabling autoregressive caption generation conditioned solely on the two temporal images.
No additional prompt engineering or explicit change/no-change heuristics are applied; the
model learns to infer change patterns implicitly from the instruction and training corpus.
This unied prompting strategy ensures consistent alignment between preprocessing,
training, and inference.

2.13. Computational Environment

The training was performed using 3 NVIDIA A100 GPUs (40GB each) in a distributed
setup. Mixed precision computation (bfloat16) and torch.distributed data parallelism
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were employed to balance memory usage and throughput during LoRA ne-tuning of the
Mistral-Small-3.1-24B-Instruct model. This conguration provided sufcient computational
capacity to handle the multi-modal inputs and long sequence lengths.

The ne-tuning experiments were conducted using Python 3.10 and the PyTorch
framework, built upon the Hugging Face Transformers ecosystem. Theworkow integrated
key libraries including transformers, datasets, and peft for LoRA-based parameter-
efcient adaptation. Image preprocessing and feature handling were managed through
torchvision and Pillow (PIL).

For quantitative assessment, we employed the Microsoft COCO Caption Evaluation
toolkit, available at (https://github.com/jiasenlu/coco-caption/tree/master, accessed on
17 October 2025). This toolkit is widely adopted for benchmarking captioning and multi-
modal generation tasks, providing standardized implementations of key metrics such as
BLEU, METEOR, ROUGE-L, CIDEr, and SPICE.

3. Results
This section presents an empirical evaluation of the proposed multimodal Vision

Language Transformer framework for multi-temporal remote sensing image change cap-
tioning. Leveraging the LEVIR-CC dataset (https://github.com/Chen-Yang-Liu/LEVIR-
CC-Dataset, accessed on 17 October 2025), we systematically assess the model’s capacity to
generate semantically rich and spatially accurate captions that reect land cover changes
over time.

Tables 10 and 11 summarize the quantitative comparison between the proposed
method and representative state of the art (SoTA) approaches on the LEVIR-CC dataset.
Table 10 reports the results for change samples, evaluated using standard lexical and
semantic metrics, as well as the aggregated indicators SBMRC, SMC, and SMCS.

Table 10. Quantitative comparison (%) of the proposed method against state of the art (SoTA)
approaches for samples with only changes on the LEVIR-CC test set. SBMRC is the average of BLEU-4,
METEOR, ROUGE-L, and CIDEr; SMC represents the mean of METEOR and CIDEr; and SMCS

denotes the average of METEOR, CIDEr, and SPICE. Values shown in bold indicate the best scores.

Method B1 B2 B3 B4 M R C S SBMRC SMC SMCS

Caption 3 62.00 43.30 29.90 20.10 25.00 44.20 46.70 22.70 34.00 35.85 31.50
Chg2Cap [3] 77.32 63.26 50.06 39.09 25.73 52.02 58.30 43.79 42.02 -
RSICCformer [4] 75.94 61.25 47.85 37.08 25.88 52.75 60.59 44.24 43.14 -
SAT-Cap [5] 77.12 63.20 51.20 41.46 26.28 53.23 68.91 47.47 47.60 -
Ours 75.00 60.10 47.10 36.70 30.00 54.50 72.30 25.70 48.40 51.10 42.66

Table 11. Quantitative comparison (%) between the proposed method and state of the art (SoTA)
approaches for both change and no change samples on the LEVIR-CC test set, evaluated using the
composite metrics introduced in Section 2.8. The complementary consistency scores (CCS) combine
both branches using β = 0.5, offering a unied indicator of overall captioning consistency and
multi-modal robustness. Values shown in bold indicate the best scores.

Method SBMRC SMC SMCS Sno-change CCSBMRC CCSMC CCSMCS

Caption 3 34.00 35.85 31.50 100.0 67.00 67.93 65.75
RSICCformer [4] 44.24 43.14 - 94.48 69.36 68.81 -
Chg2Cap [3] 43.79 42.02 - 98.22 71.00 70.12 -
SAT-Cap [5] 47.47 47.60 - 97.80 72.64 72.70 -
Ours 48.40 51.10 42.66 96.89 72.65 74.00 69.78
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The proposed model achieves superior performance across the majority of semanti-
cally oriented metrics, particularly METEOR, ROUGE-L, and CIDEr, indicating improved
descriptive precision and contextual understanding. While SAT-Cap attains slightly higher
BLEU scores due to greater lexical overlap with reference captions, our model exhibits a
more balanced performance overall. The consistent gains in both SBMRC and SMC highlight
stronger agreement between lexical accuracy and semantic coherence, underscoring the
effectiveness of the multi-modal fusion- and LoRA-based adaptation strategy.

Table 11 extends the evaluation to include no change samples via the Sno-change score,
and integrates both sample ranges using the Complementary Consistency Scores (CCS)
dened in Section 2.8. For this analysis, the balancing coefcient is set to β = 0.5, providing
equal emphasis on descriptive delity and categorical accuracy.

In this complementary evaluation, the proposed framework achieves the highest
consistency across both change and no change scenarios, reaching CCSBMRC = 72.65
and CCSMC = 74.00. These results conrm the model’s capacity to generalize effectively,
maintaining coherent and contextually appropriate descriptions even in temporally stable
scenes. By contrast, previous approaches often reach high Sno-change values only when the
output captions exactly replicate reference expressions, thereby reducing the generative
nature of the task to simple classication.

4. Discussion
A key advantage of the proposed approach lies in the integration of newly learned

knowledge into the pre-trained language model without disrupting its universal linguistic
space. The large language model employed here retains its general purpose vocabulary and
semantic associations, allowing it to describe remote sensing phenomena using natural and
contextually meaningful language rather than dataset-specic terms. This contrasts sharply
with many SoTA captioning models, which rely on restricted vocabularies or dataset-
dependent token dictionaries. The proposed hybrid ViT–LLM architecture, enhanced
through LoRA ne-tuning, therefore bridges specialized remote sensing semantics with
a general linguistic foundation, promoting better cross-domain generalization and more
human-aligned textual descriptions of land cover dynamics.

Table 10 highlights an important observation regarding the evaluation of methods
on samples with only changes. While some approaches, such as Chg2Cap, may achieve
competitive overall performance when considering combined tasks, a closer look at metrics
focused purely on text generation reveals a different trend. Under this isolated evaluation,
RSICCformer outperforms Chg2Cap in both SBMRC (44.24 vs. 43.79) and SMC (43.14 vs.
42.02), demonstrating superior descriptive delity and semantic coherence. This under-
scores the importance of disentangling classication and generation tasks in order to fairly
assess methods’ capabilities of producing accurate and meaningful captions. Notably, our
proposed approach further surpasses all baselines across most generation-focused metrics,
reinforcing its effectiveness in capturing the nuanced changes in the scene.

In this evaluation, Caption 3 is treated as the prediction while the other four captions
(see LEVIR-CC Section 2.5) serve as references. Caption 3 reects the accurate description
provided by a human expert, with all captions being correct and valid. However, it often
employs different words to describe the changes, so the differences mainly affect semantics
rather than lexical choice. Despite its expert quality, Caption 3 does not outperform any of
the automatic generationmethods across the consideredmetrics. Notably, METEOR demon-
strates the closest alignment with Caption 3, indicating its particular sensitivity to semantic
adequacy and meaning preservation, which are central to the human expert’s description.
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4.1. Ablation Study: Zero-Shot Baselines vs. LoRA Fine Tuning

To further quantify the contribution of the proposed LoRA-based adaptation, we
conducted an ablation study comparing our model to two advanced, open-source, vision
language models evaluated in a zero-shot setting: Mistral-Small-3.1-24B-Instruct-2503
and Qwen2-VL-72B-Instruct [20]. Although both models support general-purpose image
captioning and visual reasoning, they are trained for broad multimodal tasks rather than
the specialized objective of multi-temporal remote sensing change captioning.

To ensure a fair comparison, we designed a unied instruction prompt tailored to the
expected answering behavior of general models:

“Analyze the two satellite images. Describe only signicant object changes (appear-
ances/disappearances) in up to 20 words. Ignore irrelevant differences. If no change,
respond with: ’the two scenes seem identical’, ’the scene is the same as before’, or ’there is
no difference’.”

This prompt was carefully crafted to (i) constrain the output length, (ii) emphasize
object-level transformations, and (iii) standardize the no change responses so that zero-
shot models could produce captions compatible with the LEVIR-CC evaluation protocol.
For comparability, metrics were computed only on samples with changes, ensuring that
evaluations reect true land cover transformation detection.

Despite using a prompt designed to favor them, the zero-shot baselines performed
substantially worse than our LoRA-enhanced model, as reported in Table 12. The base-
line models struggle to localize or describe land cover transformations, often generating
generic or spatially inconsistent captions. In contrast, our model, which incorporates task-
specic LoRA modules selectively inserted into the cross-modal alignment layers, achieves
signicantly higher scores across all captioning metrics.

These results conrm that the performance improvements stem directly from the
proposed architectural contributions and LoRA-based adaptation, rather than from the
intrinsic capabilities of the underlying language model. The ablation demonstrates that
domain-aligned multimodal ne tuning is essential for generating accurate and semanti-
cally faithful descriptions of land cover changes.

Table 12 summarizes the results on the LEVIR-CC test set. As expected, both zero-shot
models show limited accuracy due to the domain-specic nature of land cover change
description. In contrast, our LoRA-enhanced model substantially improves performance
across all captioning metrics, demonstrating that the gains stem directly from the proposed
ne tuning mechanism. These ndings conrm the importance of task-adapted parameter
updates for capturing subtle and diverse land cover transitions in multi-temporal remote
sensing imagery.

Table 12. Ablation study comparing zero-shot models with the proposed LoRA-enhanced framework
on the change only subset of the LEVIR-CC test set. Scores are computed using standard captioning
metrics and quantify descriptive accuracy exclusively on samples that contain observable land
cover changes. Values shown in bold indicate the best scores.

Method B1 B2 B3 B4 M R C SBMRC SMC

Mistral 24B (zero-shot) 26.1 13.0 6.8 4.2 13.2 22.7 7.0 11.8 8.7
Qwen2-VL-72B (zero-shot) 27.8 11.7 5.1 2.3 9.5 18.0 2.5 8.1 6.0
Ours 75.0 60.1 47.1 36.7 30.0 54.5 72.3 48.4 51.1

4.2. Ablation Study on LoRA Placement

To further evaluate the inuence of LoRA placement on multi-temporal change cap-
tioning performance, we conduct an ablation study comparing three congurations: (A) the
proposed selective LoRA integration, where adapters are inserted only into the multi-modal
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Transformer Blocks and the Vision Language Adapter; (B) LoRA applied to all linear layers
in the multimodal architecture, excluding Conv2D projections; and (C) LoRA applied to all
linear layers and Conv2D blocks in both the vision tower and multimodal projector.

Following the evaluation protocol used throughout the paper, all metrics are computed
exclusively on samples containing actual changes, ensuring that the results reect the
models’ ability to describe meaningful land cover transformations.

The ablation results (see Table 13) show that the proposed selective LoRA placement
(Cong. A) yields the strongest overall performance. It achieves the highest scores across
standard captioning metrics (BLEU, METEOR, ROUGE-L, and CIDEr) as well as the
change-specic measures SBMRC, SMC, and SMCS, indicating that adapting only the Vision
Language Adapter and the multi-modal Transformer Blocks most effectively enhances
temporal reasoning and semantic alignment.

Table 13. Ablation results for different LoRA placement strategies. Metrics computed using only
samples with actual changes. Values shown in bold indicate the best scores.

LoRA Cong B1 B2 B3 B4 M R C S SBMRC SMC SMCS

AOurs 75.0 60.1 47.1 36.7 30.0 54.5 72.3 25.7 48.4 51.1 42.7
BAllLinearLayers 71.7 56.4 43.5 33.5 29.7 51.5 65.7 24.8 45.1 47.7 40.1
CLinear+Conv2D 73.5 57.7 44.2 33.4 29.6 52.1 60.8 26.6 44.0 45.2 39.0

Applying LoRA to all linear layers (Cong. B) consistently reduces performance,
suggesting that many of these projections do not benet from adaptation andmay introduce
noise that weakens temporal fusion and description accuracy. Extending LoRA to both
linear layers and Conv2D modules (Cong. C) does not improve results either. While
SPICE increases slightly, CIDEr and the CCS metrics drop, indicating that modifying early
convolutional filters disrupts stable visual features needed for reliable cross-temporal alignment.

Overall, the results conrm that LoRA must be applied selectively: Preserving early
visual representations while adapting high-level vision language components is essential
for accurate and coherent multi-temporal change descriptions.

4.3. Qualitative Evaluation

To provide an intuitive understanding of the behavior of the proposed MVLT-LoRA-
CC model, we conduct a qualitative evaluation using visual examples from the test split of
the LEVIR-CC dataset. Eight representative samples are selected to cover a range of land
cover types, including vegetation, roads, parking areas, and residential structures, as well
as varying degrees of change intensity.

Good Predictions

Figures 3–6 illustrate four examples in which the model successfully captures the
underlying multi-temporal changes.

Figure 3 (test_000280.png): Although the prediction differs lexically from the ground
truth, it conveys the same underlying change vegetation removal and the addition of
built structures demonstrating the model’s ability to express similar content through
alternative phrasings.

Figure 4 (test_000047.png): This example shows that the model identies a limited set
of changes, primarily the new structure and its road connection.

Figure 5 (test_000104.png): The prediction correctly identies the replacement of trees
by a road and houses, using slightly different wording and a more approximate measure of
the affected area.
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Figure 6 (test_000540.png): The model detects the main changes removal of vegetation
and construction of buildings but uses more general terms (“many houses around” vs.
“two lines of buildings and a house”), illustrating semantic generalization.

Figure 3. Example of a correct prediction on the test set (image: test_000280.png). Image A earlier
acquisition and Image B later acquisition. GT: A mall and a parking lot are built opposite a residential
area through a road replacing the plants. Pred: The vegetation has been removed, and a road with a
building and a parking lot has been built at the bottom along with a row of houses at the top.

Figure 4. Example of a correct prediction on the test set (image: test_000047.png). Image A earlier
acquisition and Image B later acquisition. GT: A building with a path connected to the road appears.
Pred: A house is built at the end of the road.

Figure 5. Example of a correct prediction on the test set (image: test_000104.png). Image A earlier
acquisition and Image B later acquisition. GT: Many trees are replaced by a road and two rows
of houses. Pred: A road with houses on both sides replaces half of the woods.
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Figure 6. Example of a correct prediction on the test set (image: test_000540.png). Image A earlier
acquisition and Image B later acquisition. GT: Many trees are replaced by two lines of buildings on
the sides and a house at the bottom. Pred: The vegetation has been removed, and a road with many
houses around it has been built.

Bad Predictions

Figures 7–10 present four examples highlighting typical failure cases.
Figures 7–9 (test_000096.png, test_000388.png, test_000968.png): The model struggles

with sparse or subtle changes, as illustrated by missed detections of a villa appearing
by the road, several bungalows scattered in a forest, or the disappearance of two small
houses, where it predicted that “the scene is the same as before.” These failures highlight
the difculty of identifying minor or distributed changes within largely unchanged areas.
One contributing factor may be the Vision Transformer’s patch size (e.g., 14× 14 pixels),
which can dilute small-scale features during embedding, making subtle changes less salient
to the model.

Figure 10 (test_000373.png): Although this prediction might be considered “bad” by
automated metrics due to low overlap with the ground truth, it still captures meaningful
changes in the scene. The model correctly identies the emergence of a new building and
even adds a plausible detail: a swimming pool that is not in the GT. This illustrates that
natural language predictions can convey semantically valid information about changes,
even when they differ from the exact GT phrasing or object placement.

Figure 7. Example of an incorrect prediction on the test set (image: test_000096.png). Image A
earlier acquisition and Image B later acquisition. GT: A villa appears on the side of the road on
the right. Pred: The scene is the same as before.
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Figure 8. Example of an incorrect prediction on the test set (image: test_000388.png). Image A
earlier acquisition and Image B later acquisition. GT: Several bungalows are scattered in the forest.
Pred: The scene is the same as before.

Figure 9. Example of an incorrect prediction on the test set (image: test_000968.png). Image A
earlier acquisition and Image B later acquisition. GT: Two small houses disappear. Pred: The scene is
the same as before.

Figure 10. Example of an incorrect prediction on the test set (image: test_000373.png). Image A
earlier acquisition and Image B later acquisition. GT: More trees are built, and a building appears at
the end of the road. Pred: A house with a swimming pool appears on the right side of the scene.
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5. Conclusions
This work presents MVLT-LoRA-CC, a multi-modal Vision Language Transformer

framework enhanced with Low-Rank Adaptation (LoRA) for multi-temporal remote sens-
ing image captioning focused on land cover change description. By integrating paired
temporal imagery with large pre-trained language models, the proposed approach effec-
tively bridges spatiotemporal change detection and natural language generation. LoRA
is selectively integrated into the Vision Language Adapter and multi-modal Transformer
Blocks, enabling efcient ne tuning that preserves general linguistic knowledge while
adapting the model to the specialized task of describing land cover changes. Compared
with prior methods that rely on limited vocabularies or rigid architectures, our model
demonstrates stronger semantic generalization and more expressive, contextually accurate
change descriptions.

Extensive experiments, including quantitative evaluation and detailed qualitative
examples, show that MVLT-LoRA-CC captures a wide range of changes and produces
coherent, semantically meaningful captions. The Complementary Consistency Score
(CCS) metrics CCSBMRC, CCSMC, and CCSMCS provide a robust evaluation framework
for both change and no change scenarios, highlighting the model’s ability to distinguish
subtle modications.

Overall, the results underscore the value of integrating universal language models into
remote sensing pipelines, enhancing interpretability, robustness, and generalization while
reducing reliance on dataset-specic linguistic patterns. The ability to generate natural
language descriptions of multi-temporal changes positions the model as a promising
tool for applications such as disaster assessment, deforestation monitoring, and urban or
infrastructure evolution tracking.

Future work will explore multi-sensor and multi-temporal fusion (e.g., SAR, hyper-
spectral), instruction-tuned or prompt-based adaptation for controllable caption generation,
and evaluation on cross-dataset and multilingual benchmarks to further assess the robust-
ness and universality of the proposed approach.
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