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Abstract. Remote Sensing Image Change Captioning (RSICC) aims
to describe changes between bi-temporal remote sensing images and
holds significant research and application value. However, most exist-
ing methods rely on conventional deep learning architectures, and the
limited model capacity constrains performance. Although large-model
post-training techniques have achieved great success in general domains,
their direct transfer to RSICC remains challenging due to data scarcity
and the need for fine-grained change understanding. To address this, we
propose RSICCLLM, the first post-training framework for large vision-
language models in RSICC. Specifically, we design a data genera-
tion paradigm, release the instruction dataset RSICI, and establish a
task-specific RSICC benchmark. We further introduce Difference-
aware Supervised Fine-tuning to explicitly extract change repre-
sentations and guide the model in perceiving and understanding tem-
poral differences. In addition, we propose Dual-Negative Preference
Optimization (DNPO), which employs two complementary negative-
sample construction strategies to construct the preference dataset RSICP
and further refine model performance. Extensive experiments validate
the superior capability of RSICCLLM, which achieves outstanding re-
sults with only 7B parameters, surpassing models of substantially larger
scales. The code and dataset will be made publicly available at https:
//github.com/keaill/RSICCLLM.
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Fig. 1: The differences between the previous approaches and ours. (a) Previous meth-
ods are constrained by limited model capacity and data scarcity, hindering perfor-
mance in change captioning. (b) Existing remote-sensing foundation models are rarely
post-trained for RSICC with instruction or preference alignment, mainly due to limited
RSICC data and preference supervision. (c) We introduce a data generation paradigm
and train a refined larger model with Supervised Fine-tuning and Dual-Negative Pref-
erence Optimization, achieving superior results.

1 Introduction

Remote sensing image change captioning (RSICC) generates descriptions of
changes between bi-temporal remote sensing images [18, 30, 59]. Unlike remote
sensing image change detection (RSICD), which reports only visual differences
[32, 55], RSICC maps visual evidence to semantics, improving interpretability
and supporting many important public affairs, such as environmental assess-
ment and disaster response. As an essential component of the remote sensing
field, RSICC still faces multiple challenges [51,59], such as accurately perceiving
real changes between bi-temporal images while ignoring irrelevant factors like
illumination, and capturing subtle, diverse land-cover variations while aligning
them with natural language. Therefore, RSICC holds substantial scientific and
practical significance.

Recently, RSICC has attracted increasing research attention and made con-
tinuous progress. Semantic-CC [58] uses a SAM-based dual-image encoder with
a lightweight multi-scale change detection (CD) decoder for pixel-level seman-
tic guidance. Pix4Cap [28] adds a CD branch to produce pseudo-labels and a
semantic-fusion augmentation to inject CD features into the captioner. Prompt-
CC [31] introduces an image-level change classifier and a multi-prompt strategy
that leverages an off-the-shelf caption generator to produce plausible captions
without retraining. However, these methods are primarily based on conventional
deep learning frameworks, and their relatively small model capacity imposes an
upper limit on overall performance.

Meanwhile, large-scale models and post-training techniques have shown strong
success in general domains [16, 50] and are being introduced into remote sens-
ing [23, 44]. For example, RS-GPT and Falcon leverage large-scale multimodal
training to achieve strong performance on remote-sensing captioning and various
downstream tasks [20, 53]. Compared with conventional deep learning models,
large models offer significant gains from increased capacity. However, due to
the scarcity of specific datasets for RSICC and the limited ability of existing
vision-language models to understand temporal changes, generating accurate
and reliable change descriptions remains challenging.
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Motivated by these observations, we explore whether large-scale models and
post-training techniques can be introduced into the RSICC field to enhance un-
derstanding of changes and achieve performance breakthroughs. Based on this
idea, we propose RSICCLLM, the first post-training framework of large mod-
els tailored for RSICC. The differences between the previous approaches and ours
are shown in Fig. 1. We first construct an instruction dataset generation
paradigm for RSICC using large-scale RSICD data. Specifically, we employ
Qwen-VL-Max to generate instruction samples by feeding bi-temporal remote
sensing images, together with their corresponding binary masks as geometric
priors. By prompting the model to describe changes within the masked regions,
we obtain a high-quality instruction dataset named Remote Sensing Image
Change Instruction dataset (RSICI). Based on this dataset, we establish
a task-specific RSICC benchmark. We then adopt Qwen2.5-VL-7B as the
backbone for subsequent training. To further improve the model’s perception and
understanding of temporal changes while suppressing irrelevant factors, we pro-
pose Difference-aware Supervised Fine-tuning, which explicitly extracts
change representation and enhance the visual encoder with Central Difference
Convolution (CDConv) [54] and Hough Transform modules [4]. Using RSICI, we
perform Supervised Fine-tuning (SFT) to obtain RSICCLLM-sft. Subsequently,
we propose Dual-Negative Preference Optimization (DNPO) to further
enhance model performance. We first design two strategies for constructing
negative samples and build the Remote Sensing Image Change Prefer-
ence dataset (RSICP). In addition, we perform preference optimization on
RSICCLLM-sft using RSICP and introduce a new loss operator to stabilize the
training process, yielding the final model RSICCLLM.

Our main contributions can be summarized as follows:

– We design a new instruction dataset generation paradigm in RSICC,
building a large-scale instruction dataset RSICI and establish a task-specific
RSICC benchmark. We also release the first preference dataset RSICP
dedicated to this task.

– We propose RSICCLLM, the first post-training framework of large models
for RSICC. To improve the model’s understanding of temporal changes, we
propose Difference-aware Supervised Fine-tuning. And a new prefer-
ence optimization objective DNPO is introduced to progressively refine
the model’s performance.

– Extensive experiments demonstrate the superior performance of our ap-
proach. Notably, RSICCLLM achieves state-of-the-art performance across
all evaluation metrics with only 7B parameters.

2 Related Works
Remote Sensing Image Change Captioning. RSICC has recently emerged
as a new research direction in remote sensing [10,12,15,46]. Early work by Chouaf
et al. [11] explored RSICC on a private dataset with a VGG-16 encoder and an
RNN decoder, which was later extended by Hoxha et al. [18] using image- and
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Fig. 2: Overview of the proposed RSICCLLM framework. Left: Instruction
Data Generation by Qwen-VL-Max [1] with the binary mask as geometric prior. Mid-
dle: Difference-aware Supervised Fine-tuning with Central Difference Convolution [54],
asymmetric operators, and Soft-Hough voting [4] for explicitly extracting change rep-
resentation. Right: Dual-Negative Preference Optimization with two strategies to con-
struct preference pairs, yielding the final RSICCLLM.

feature-level fusion encoders. Liu et al. [30] established the LEVIR-CC bench-
mark and proposed a CNN–transformer framework to emphasize changed re-
gions. Subsequent studies further improved RSICC with progressive scale-aware
modeling [29] and Mamba-based spatio-temporal feature extraction [6]. All the
aforementioned methods are deep-learning-based, and their progress is severely
constrained by limited datasets and small model capacity. In contrast, our ap-
proach addresses these limitations by introducing a data generation paradigm
and a large-scale training framework.
Multimodal Reasoning. Recent work shifts multimodal reasoning from su-
pervised learning to reinforcement-based fine-tuning with explicit reasoning [13,
36,47,52]. FAST and TON reduce unnecessary computation via difficulty-aware
control or a learned “think-or-not” policy [45,49]. Chain-of-Focus improves region
localization with RL-based adaptive search/zooming, and MiCo leverages cross-
image contrastive learning with verifiable QA-free rewards [8,56]. UniVG-R1 ad-
vances visual referring through CoT initialization and GRPO-style optimization
with reweighting [3]. Kimi-VL and G1 further highlight efficient MoE-style VLMs
and RL gains after perception-first cold starts [7,40], while Qwen-AD advocates a
look-before-you-decide strategy [26]. These advances motivate a domain-specific
RSICC framework for further breakthroughs.

3 Methodology

3.1 Overview of Framework

We propose a three-stage RSICC framework, RSICCLLM (Fig. 2): 1) Instruc-
tion Data Generation Stage. We use Qwen-VL-Max to synthesize instruc-
tion samples from bi-temporal images, conditioned on a binary change mask as
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a geometric prior, with prompts eliciting explicit land-surface transition descrip-
tions. 2) Difference-aware Supervised Fine-tuning Stage. We enhance the
vision encoder by injecting manually extracted change representations into its
forward pass, and then perform SFT with the generated instructions to obtain
RSICCLLM-sft. 3) Dual-Negative Preference Optimization Stage. To en-
able preference training, we construct preference datasets using two complemen-
tary strategies, which are info-filtered negative sample selection and replacement-
based negative sample construction. The resulting datasets are merged and used
to further fine-tune RSICCLLM-sft via preference optimization, yielding RSIC-
CLLM with stronger discriminative and descriptive abilities.

3.2 Instruction Data Generation

In the data generation stage, we integrate the LEVIR-CD [5] and SYSU-CD [39]
datasets to automatically generate approximately 35k samples, among which 32k
are used for training and 3k as in-domain evaluation set, covering building
changes as well as diverse man-made and natural changes. Meanwhile, we further
integrate S2Looking [37] and CDD [24] to automatically generate approximately
5k samples as out-of-domain test set, which mainly consist of rural scenes,
off-nadir building changes, and seasonally varying imagery, providing a more
robust assessment for out-of-domain performance. Each sample consists of a
pre-change image, a post-change image, and a fine-grained textual description
of the differences. For the Remote Sensing Image Change Instruction (RSICI)
dataset, the instruction data generation process is shown in Algorithm 1. The
data construction details and ablations are in Appendix A.

3.3 Difference-aware Supervised Fine-tuning

We perform Supervised Fine-tuning (SFT) on Qwen2.5-VL-7B for change cap-
tioning, jointly modeling temporal dynamics and time-invariant spatial geometry
to improve sensitivity to what changed and where it changed.

Given a bi-temporal image pair Image1 and Image2, we first perform dif-
ferentiable spatial registration to remove non-semantic pixel shifts arising from
sensor pose or terrain relief. Afterward, we tokenize the two images and compute
a difference map as the initial change cue:

T = I1 � I2 ; (1)

where T encodes the magnitude of local intensity changes and highlights candi-
date change locations.

To extract time-invariant spatial geometry, we introduce eight geometry-
sensitive convolution kernels inspired by Central Difference Convolution (CD-
Conv) [54]. Given bi-temporal remote-sensing images as input, these kernels
can extract filtered geometric textures that are insensitive to illumination and
weather. Specifically, they include one standard convolution operator C8; one
CDConv operator C1; four directional asymmetric operators-C2, C3, C5, and



6 Y. Wang et al.

Algorithm 1: Construction of RSICC-Instruction from
LEVIR_CD, SYSU_CD, CDD, S2Looking

Input: Image pairs D (before, after) with binary masks M; Multimodal LLM;
retry limit R=2

Output: Curated instruction dataset D
1 D  ; ; // Initialize dataset
2 foreach (I (1) ; I (2) ; M; meta) 2 D do
3 Construct prompt P using (I (1) ; I (2) ; M) with geometric constraints and

few-shot examples;
4 for r = 1 to R do
5 Generate caption y using the MLLM with prompt P ;
6 Extract structured elements fobject; direction; verb; quantityg from y;
7 if change detected in mask M then
8 Check whether object and verb are correctly mentioned in y;

9 if y mentions words like �mask� or �segmentation� then
10 Reject the sample and retry;

11 if y is excessively long then
12 Reject the sample and retry;

13 if semantic hallucinations or o�-topic content are detected then
14 Reject the sample and retry;

15 if all conditions are satis�ed then
16 Add (I (1) ; I (2) ; M; y; domain) to D;
17 break

18 Adjust decoding strategy: change prompt length or examples;

19 Remove samples with undesirable keywords or formatting issues;
20 Three domain experts re-check all samples in D; remove any sample that fails

the quality criteria;
21 Apply synonym substitution on extracted elements to augment linguistic

diversity;
22 return D;

C6; and two symmetric operators-C4 and C7. Their formats are shown in Fig. 2
and de�nitions are as follows:

C t
i (r x ; r y ) =

X

(�r x ;�r y )2R

Imaget (r x + �r x ; r y + �r y )�

(
X

(�r x ;�r y )2R

� i (�r x ; �r y )!(�r x ; �r y ));
(2)

where R = f(�1; �1); (�1; 0); :::; (1; 0); (1; 1)g denotes the local receptive �eld of
the trainable 3 � 3 vanilla convolution kernel !, and Imaget 2 RC�H�W is the
input feature map. t 2 f1; 2g indicates the time index of images, and i is the index
of operators. (r x ; r y ) represents the current pixel location, and �i (�r x ; �r y ) is a
gate function to determine whether each convolution kernel element !(�r x ; �r y )
participates in the computation. We employ Hough Transform [4], and project
each response mapC t

i (t 2 f1; 2g ) into the Hough parameter space(�; �) to
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accumulate geometric evidence via voting:

H t
i (�; �) = HoughTransform

�
C t

i

�
; t 2 f1; 2g; (3)

where i denotes the index of operators. After voting, we obtain the �nal bi-
temporal texture statistic:

H t ,
�

H 1
i (�; �); H 2

i (�; �)
	

; (4)

where , indicates the voting operation. Crucially, instead of di�erencing directly
in the parameter space, we independently apply the inverse Hough transform to
each time step to reconstruct the spatial structural responses:

S(t) = Hough �1 �
H t (�; �)

�
; t 2 f1; 2g; (5)

where S(t) preserves complete geometric semantics for both bi-temporal images,
avoiding the semantic loss caused by early di�erencing. We obtain a normalized
geometric�texture features as follows:

�S =
S(2) � S (1)

kS(1) k1 + kS (2) k1 + �
: (6)

To better represent the change patterns, we employ cross-attention to fuse the
preliminary feature cuesT with the geometric�texture features �S . Speci�cally,
we treat T as the query vector and�S as the key and value vectors. Through
learnable projections, both the featuresT and �S are mapped to the same
dimension d, and the feature fusion process is computed as follows:

F = softmax
�

T �S >
p

d

�
�S 2 R N�d ; (7)

where N denotes the number of image tokens after tokenization, and F indicates
the �nal change representation. We then enhance the original image embeddings
Vorig 2 RN�d from the vision encoder as follows:

Venhanced = Vorig + F; (8)

where Venhanced focuses more on the change regions within remote sensing im-
ages. The enhanced visual representations from the bi-temporal images are then
combined with the prompt tokens and fed into the Qwen2.5 LM decoder to
generate accurate change captions.

For SFT, we employ autoregressive (AR) objective as loss function. Given a
ground truth y = (y 1; : : : ; yT ) corresponding to bi-temporal images, the formula
is as follows:

L AR = �
TX

t=1

log P (yt j y<t ; I 1; I 2; P ; �) ; (9)

where I1 and I2 denote the visual embeddings obtained from the two image in-
puts, and P represents the prompt token. After concatenating the visual embed-
dings and the prompt token, they are fed into the decoder with teacher forcing.
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