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Abstract

Change detection in remote sensing imagery is essential for
applications such as urban planning, environmental moni-
toring, and disaster management. Traditional change de-
tection methods typically identify all changes between two
temporal images without distinguishing the types of transi-
tions, which can lead to results that may not align with spe-
cific user needs. Although semantic change detection meth-
ods have attempted to address this by categorizing changes
into predefined classes, these methods rely on rigid class
definitions and fixed model architectures, making it diffi-
cult to mix datasets with different label sets or reuse mod-
els across tasks, as the output channels are tightly coupled
with the number and type of semantic classes. To overcome
these limitations, we introduce Referring Change Detection
(RCD), which leverages natural language prompts to detect
specific classes of changes in remote sensing images. By in-
tegrating language understanding with visual analysis, our
approach allows users to specify the exact type of change
they are interested in. However, training models for RCD
is challenging due to the limited availability of annotated
data and severe class imbalance in existing datasets. To
address this, we propose a two-stage framework consisting
of (I) RCDNet, a cross-modal fusion network designed for
referring change detection, and (II) RCDGen, a diffusion-
based synthetic data generation pipeline that produces re-
alistic post-change images and change maps for a speci-
fied category using only pre-change image, without relying
on semantic segmentation masks and thereby significantly
lowering the barrier to scalable data creation. Experiments
across multiple datasets show that our framework enables
scalable and targeted change detection. Project website is
here.

1. Introduction

Change detection (CD) task in remote sensing refers to
identifying significant changes to an area between two time
intervals. CD is an essential task for urban planning, envi-
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Figure 1. Comparison of different approaches in change detection.
T1- and T2-images represent distinct time points, corresponding to
pre-change and post-change states. Binary change detection meth-
ods produce a single map showing all changes that occurred over
this time frame, while semantic change detection methods attempt
to categorize all changes, both of which limit user interaction. In
contrast, referring change detection enables user input to specify
particular changes of interest, displaying only those changes that
match the user-defined criteria.

ronmental monitoring and disaster management [9, 20-22].
However, it possesses a significant challenge because re-
mote sensing images taken at different times frequently dis-
play data inconsistencies, including illumination changes,
noise, and variations in resolution or alignment [26, 32, 46].
In recent years deep learning methods have gained signif-
icant attraction for CD utilizing convolutional neural net-
works [4, 18, 33], transformers [, 7], diffusion [2] and
more recently state space models [53].

Change detection has traditionally been approached as a
binary classification problem on undifferentiated change ar-
eas, providing no information about changes across distinct
semantic classes. While binary change detection (BCD)
offer a general overview of altered areas, many applica-
tions require identifying the specific semantic classes as-
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sociated with these changes. For instance, in urban plan-
ning, distinguishing between changes, especially buildings,
roads, and vegetation is crucial. Similarly, in environmental
monitoring, understanding whether changes involve forest
cover, water bodies, or agricultural land provides valuable
insights. Several semantic change detection (SCD) methods
have been proposed in the literature to provide this detailed
information [59]. However, SCD methods, which aim to
categorize changes into predefined classes, often encounter
significant limitations due to inconsistencies in class def-
initions across different datasets. For instance, in one of
the SCD datasets, “impervious surface” and “bare ground”
are treated as separate classes [58] but they are combined
into a single class named “non-vegetated ground surface”
in another dataset [50]. These discrepancies make it chal-
lenging for SCD models to generalize across datasets, as
the same physical features may be classified differently de-
pending on the dataset’s labeling schema. The scarcity of
SCD datasets intensifies these discrepancies and this lack
of standardization leads to problems in accurately detecting
and categorizing changes. Because the number of output
channels in models corresponds directly to the number of
classes, models trained on one dataset struggle to perform
effectively on another with differing class definitions. Addi-
tionally, training with mixed datasets becomes impractical
if class definitions do not align precisely.

SCD methods face additional challenges due to the lim-
ited availability of datasets, which often exhibit significant
class imbalances. For example, in the SECOND dataset
[51], the non-vegetated ground surface class covers 43%
of the total area of change and appears in 2,689 images,
while the “playground” class represents only 0.38% and
is included in just 129 images. Similarly, in the CNAM-
CD dataset [58], “water bodies” are present in 394 im-
ages, whereas “bare ground” appears in 1,453 images. This
class imbalance hinders models from learning and detect-
ing changes in underrepresented classes effectively, limiting
the generalization capacity and robustness of SCD methods
across diverse real-world applications.

To address these limitations, we introduce Referring
Change Detection (RCD) and propose a language-guided
change detection network, RCDNet, that effectively inte-
grates visual and textual inputs to generate accurate targeted
change maps. Our RCD task inherently overcomes the con-
straints of traditional SCD tasks—which rely on predefined
classes and a fixed, limited number of output channels—by
introducing a flexible, language-guided detection process
that allows users to specify semantic changes without pre-
defined classes (see Fig. 1). Our approach facilitates the
integration of heterogeneous datasets, thereby improving
the model’s generalizability and versatility. Furthermore, to
support effective training for RCD, we propose a synthetic
data generation pipeline, RCDGen, that leverages a latent

diffusion model to simultaneously generate realistic post-
change images and change maps from a given pre-change
image. This allows targeting specific classes in the origi-
nal image and replacing them with the desired post-change
category, thus allowing us to produce a much wider spec-
trum of post-change images than what is available in exist-
ing datasets. Our contributions can be summarized as:

* We define Referring Change Detection (RCD) task, en-
abling user interaction in change detection through natu-
ral language inputs.

* We propose a synthetic data generation pipeline that si-
multaneously outputs post-change image and change map
given a pre-change image and desired change category.

* We introduce a lightweight and efficient RCD model de-
signed to capture only user-intended changes that can be
also be adapted to SCD and BCD tasks.

2. Related Work

Traditional change detection methods: Change Detec-
tion has largely been studied as a binary segmentation prob-
lem, where the objective is to compute one change map
for a given image pair. Usually, the change map of inter-
est depends on the object of interest defined by the dataset.
For instance, LEVIR-CD [5] only provides change maps for
buildings. Classical CD methods involve using algebraic al-
gorithms to compute change maps [10, 37, 43], transforma-
tive approaches which generate transforms on the pre- and
post-images followed by a difference [12, 27, 38, 39]. With
the advent of Deep Learning (DL), change detection has
also moved from classical methods to DL-based methods.
Convolutional Neural Networks (CNNs) have been widely
used in CD, including FC-EF [4], FC-Siam [4], SNUNet
[18], IFNet [52], and DT-SCN [33].

An alternative to CNN-based methods is the transformer-
based methods, which include BiT [7], STANet [6], and
ChangeFormer [1]. These utilize the Vision Transformer
(ViT) [15], due to its ability to capture long-range depen-
dencies better than CNNs. On the other hand, DDPM-
CD [2] uses generative modeling to learn powerful en-
coders. Very recently, selective state space models (S4), i.e.,
Mamba, have been used instead of CNNSs or transformers
for CD following its computational efficiency [19]. These
methods include RSMamba [55], ChangeMamba [8], CD-
Mamba [53] and M-CD [41]. Our approach leverages the
Mamba architecture for its computational efficiency, as in
prior work, and improves it with cross-attention transform-
ers to enable multimodality via language guidance, result-
ing in a Mamba—Transformer hybrid architecture.

Semantic change detection methods: The changes re-
lated to different objects of interest can vary significantly
depending on the application. Therefore, generating se-
mantic change maps with multiple classes, rather than a
simple binary map, is more valuable. As a result, sev-



eral studies have aimed to address the task of Semantic
Change Detection (SCD). Gousseau et al. [11] are among
the first to publish a dataset for semantic change detection
(SCD) and propose a fully convolutional network for the
task. Zhang et al. [51] also release a dataset, named SEC-
OND, and introduce asymmetrical siamese networks as a
solution. In [13], the authors present an innovative CNN
architecture for SCD called SSCD-1, where semantic tem-
poral features are integrated within a deep change detection
unit; they later propose a more efficient model named Bi-
SRNet, which incorporates a novel semantic consistency
loss. In [14], the authors introduce a CNN-based Triple
Encoder-Decoder network (TED) for extracting temporal
features and change representations, followed by a Seman-
tic Change Transformer (SCanFormer) designed to explic-
itly capture semantic transitions in token space. They then
present SCanNet, a hybrid ‘CNN-Transformer’ method that
uses TED for feature extraction and SCanFormer to capture
correlations within the embedded semantic space.

LLM-based Methods in Remote Sensing: Various
concurrent works have utilized foundation models for
change detection and other geo-sensing-based tasks. One
of these works called SeFi-CD [54] introduces a framework
where text prompts are used to generate visual prompts for
frozen foundation models which further generate the change
map. This method comes closest to our approach. How-
ever, a major difference in our method is that we utilize the
foundation model CLIP [42] for generating the text embed-
ding, but train a Mamba-based encoder and decoder instead
of using a foundation model for encoding the image. The
reason behind that is the observation that the available foun-
dation models are not trained heavily with remote-sensing
images and might hallucinate. Since implementation is not
public at the time of submission we are not able to in-
clude this method in comparison. Another concurrent work
called CDChat [40] tries to generate a text description of the
change between two temporal images using Vicuna [56].
In addition, it can also perform visual question answering
based on the input pre- and post-change images. However,
this method does not generate visual change maps. A recent
work, BAN [30], repurposes CLIP’s ViT for bi-temporal
change detection through a Bi-Temporal Adapter Network
(BAN) with bridging modules that inject general features
into a task-specific CD branch; however, it is trained in ei-
ther the BCD or SCD setting, which keeps our approach
distinct.

Synthetic Datasets in Remote Sensing: Song et al.
[44] present a Stable Diffusion and 3D modeling based syn-
thetic image generation pipeline that uses GPT-4 for prompt
creation, allowing images to be generated entirely from
scratch. However, their change detection dataset exclu-
sively captures building changes, resulting in the absence of
other semantic classes. Meanwhile, Tang et al. [16] propose

a Stable Diffusion based generation pipeline that depends
on semantic segmentation masks during inference, thus lim-
ited with existing segmentation datasets. In a similar vein,
Zheng et al. [17] introduce a GAN based synthetic image
generator that incrementally adds or removes objects from
pre-event images, also relying on annotated segmentation
data. While these methods can yield highly realistic simula-
tions, they differ from our approach in that we do not require
semantic segmentation masks during inference. Building
on [17], Zheng et al. [57] propose a self-supervised tech-
nique and latent diffusion based model, removing the need
for pre-event annotations by using object contours as diffu-
sion conditions. While this innovation reduces annotation
requirements, it relies on off-the-shelf foundation models
(e.g., SAM [29]) to generate the contours at inference time,
potentially limiting performance based on these models’ ca-
pabilities.

3. Methodology

The RCD task can be defined similar to the BCD task, al-
beit with an additional user-input selecting the change of
interest. Thus, the goal of RCD is to learn a function f that
satisfies M = f(Ipre, Ipost, C') where .. and Ipos: de-
note the pre- and post-change images respectively, and M
denotes the change map. The user intent is specified by C'.
In our method, we use CLIP-based text embeddings of the
change category to model the user intent. Next, we describe
our RCDGen pipeline and RCDNet architecture.

3.1. RCDGen

Semantic change detection datasets are often small in scale
and contain limited semantically annotated examples, of-
ten accompanied by severe class imbalance, making it chal-
lenging to train robust models and increasing the risk of
overfitting. To address these limitations for RCD, we pro-
pose RCDGen, a generative pipeline that synthesizes post-
change images conditioned on existing pre-change images
and target classes, allowing us to produce any number of
post-change images with the desired class, ensuring a well-
balanced and diverse dataset. We illustrate the RCDGen’s
training and inference procedures in Fig. 2. We modify
the InstructPix2Pix pipeline [3] and utilize existing SCD
datasets to learn to model the joint distribution of post-
change images and change maps conditioned on pre-change
images. More specifically, we first use a Variational Auto
Encoder (VAE) to generate latents for the pre- and post-
change images. Then, we randomly select a change class
and generate a change map for this class by masking other
pixels in the annotated change map, followed by downsam-
pling to match the shape of the latents. Both the latents and
the change map are concatenated and passed through the
forward diffusion process, where random noise is added to
only the post-image latent and the change map. During the



and binarize the change map
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Figure 2. The training and inference scheme of RCDGen is illustrated. In the training phase, the pre-change latent is shown in red, and the
post-change latent in green. The change maps are downsampled to match the resolution of the latents (64 x 64) to enable concatenation.
During inference, pre-change latent is concatenated with noise of shape 64 x 64 x 5. After denoising, the generated latent is split back
to match the channels used during training. The generated downsampled mask is upsampled via interpolation, and the generated latent is

decoded via the VAE Decoder.

Figure 3. Synthetic samples generated by our pipeline: T1-images (pre-change) are sourced from real datasets, while T2-images (post-
change) and corresponding change maps are generated. Labels on the left side of each image pair indicate the specific change category.

denoising process, we utilize the CLIP text embeddings of
the class name to guide the UNet to predict the noise added
during the forward process. This setup is trained using the
canonical diffusion loss [24] denoted as follows:

2
L =Ecoyon [ = otz t. 8@ en)| ]

where £ denotes VAE encoder, €y denotes UNet, c repre-
sents the text embeddings, ¢ is a random timestep and z; is
defined as:

zt =y X [E(T2) ®m] + V1 — oy X e, 2)

where @ denotes concatenation in channel dimension, oy
corresponds to the noise schedule term, € denotes the added
noise, and m is the downsampled change map.

For training, We utilize images from the training sets of
the SECOND [51], CNAM-CD [58], LEVIR-CD [5] and
LEVIR-CD+ [5] datasets. For inference, InstructPix2Pix
[3] extends the classifier-free guidance [23] sampling strat-
egy by incorporating dual conditioning inputs—an image
and an instruction—each applied with separate coefficients
to control their respective strengths. We adapt this strategy
to balance the desired change with consistency to the pre-
image. The modified noise estimation is given below:

€o (2t,E(T1),cr) = eg (2,5, D)
+s7-(eg (2,E(T1), D) —ep (24, D, D)) 3)
+s7 - (eq (2, E(T1), cr) — e (21, E(T'1), @),

where @ represents the null condition, €y denotes the mod-
ified estimate, s; controls the strength of the image condi-



tion, and s controls the strength of the text condition.

To create a more comprehensive dataset, we additionally
incorporate a relatively small number of inpainted samples
within our synthetic dataset, generated by adapting stable
diffusion for inpainting. These inpainted samples intro-
duce subtle, realistic changes that complement the larger
transformations in the primary synthetic data, achieving a
more balanced representation of change types. For this in-
painting process, we leverage an existing remote sensing se-
mantic segmentation dataset [48], where specific classes are
randomly masked using semantic segmentation masks and
modified based on prompts, following a similar pipeline but
without the InstructPix2Pix sampling scheme. This combi-
nation of subtle and significant changes allows our synthetic
dataset to better capture a diverse range of transformations.
Our final synthetic dataset includes 29,500 images synthe-
sized from SECOND, 17,500 from CNAM-CD, and 8,300
inpainted samples, creating a robust and varied resource for
referring change detection. We utilize this synthetic dataset
for pretraining of the RCDNet. We show sample synthetic
images generated by our pipeline in Fig. 3. A more compre-
hensive set of samples are provided in the supplementary
document. We believe this dataset and generation pipeline
would be highly beneficial for the community.

3.2. RCDNet

We illustrate the architecture of our proposed model in
Fig. 4. Our design is primarily inspired by the state-of-the-
art Mamba-based semantic segmentation model [47], which
has demonstrated strong performance in binary change de-
tection (BCD) tasks [41]. Specifically, we use a VMamba-
based [34] Siamese Encoder Block (SEB) to process both
the pre-change (T1-image) and post-change (T2-image) im-
ages in parallel, extracting meaningful features from each.
These features are then passed to a Fusion Module (FM),
which performs a comparative analysis and produces fused
latent representations. Finally, these fused latents are in-
put to a series of lightweight Mask Decoder Blocks (MDB),
which generate the change map conditioned on user intent,
provided as text embeddings corresponding to the desired
change class. We detail the key components of RCDNet in
the following sections.

Siamaese Encoder Block (SEB): Siamese Encoder Block
is built with Visual State Space Blocks (VSSB) [34], as
shown with black frame in Fig. 4. A series of consecu-
tive SEBs forms an encoder network featuring two identical
weighted branches (Siamese architecture) that process both
T1- and T2-images, representing distinct time points. In
each SEB, the resolution of feature maps is halved while the
number of channels is doubled, enhancing feature represen-
tation. Each encoded feature is directed to separate fusion
modules, enabling the selection of differential features to be
shared with the Mask Decoder Blocks.

Fusion Module (FM): The fusion module receives features
from the two branches and produces a single feature vector
for the mask decoder for each resolution, shown with green
frame in Fig. 4. FM blocks consists of linear, depth-wise
convolution and Concat & Selective Scan (CSS) modules,
following [47] and [41]. In the CSS module, the two fea-
tures are initially flattened and then concatenated along the
sequence length dimension. Here, the concatenation of fea-
ture vectors from both branches allows selective scan mod-
ule to process both feature vectors together, enhancing the
cross-branch long range contextual sensitivity unlike rely-
ing solely on convolution layers for feature fusion.

Mask Decoder Block (MDB): The Mask Decoder Blocks,
highlighted with blue in Fig. 4, are responsible for gener-
ating binary change maps based on text embeddings using
cross-attention transformer layers. To enhance the learn-
ing of inter-channel dependencies, we incorporate both
average-pooling and max-pooling operations on feature
channels, following [47]. The CLIP Text Encoder gener-
ates text embeddings using the target class names as in-
puts. These text embeddings serve as keys and values in the
cross-attention transformer, guiding the selection of visual
queries.

4. Experiments and Results

To enable fair comparison against existing SCD and BCD
methods, we use only the corresponding change category
(class name) as the text prompt and conduct extensive ex-
periments, spanning from classical SCD to cross-domain
tests. In all tables, cases where the synthetic data is used
for pretraining are indicated in parentheses. For within-
domain scenarios, all models are trained zsolely on the tar-
get dataset. For the cross-domain cases, all SCD methods
are trained exclusively on the SECOND dataset, as it in-
cludes buildings as a sub-class.

4.1. Implementation Details

We train our model using the AdamW optimizer [36] with
an initial learning rate of 6 x 10~° and a weight decay of
0.01. The learning rate follows a polynomial decay sched-
ule with an exponent of 0.9. Training is conducted over 200
epochs with a batch size of 4 with an NVIDIA RTX A6000
GPU with 48GB of memory. For the synthetic data pipeline,
we fine-tune stable diffusion for 15,000 iterations using a
batch size of 4. Fine-tuning is carried out with the Hugging
Face Diffusers library [45] and leverages the pretrained In-
structPix2Pix checkpoint [3]. During synthetic data gener-
ation, we set sy to 1.5 and st to 7.0.

4.2. Datasets

We use the benchmark SCD datasets SECOND [51] and
CNAM-CD [58] for within-domain comparisons for the
SCD tasks. For cross-domain experiments and comparison
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Figure 4. The RCDNet and its training scheme are illustrated. T1- and T2-images represent distinct time points, corresponding to pre-
change and post-change states. The change category (class) is randomly selected from unique values in the semantic change map and
guides the network through text embeddings. The change map is binarized for that specified category, enabling the use of canonical binary

cross-entropy loss as training objective.

Table 1. Within-domain and cross-domain performance of SCD methods.

Method SECOND [51] CNAM-CD [58] WHU-CD [28]  LEVIR-CD [5]
mloU (1) SeK (1) OA (1) Feea (D) mloU(1) SeK() OA(1) Feea ) || IOUM) OA(D) ToU(t) OAM)
Experiment within-domain within-domain cross-domain cross-domain
HRSCD-str.3 [11] 66.74 13.21 84.63 56.51 57.36 0.62 77.24 28.38 H 43.75 96.04 42.74 95.74
BAN [30] 66.55 10.87 84.59 53.15 62.51 2.63 77.25 35.76 H 29.78 93.23 18.71 91.30
HRSCD-str.4 [11] 72.24 20.56 87.60 63.21 67.94 331 78.94 34.14 H 43.97 95.90 48.29 96.40
SSCD-1 [13] 73.03 22.50 88.07 65.36 71.17 13.47 82.08 46.80 H 46.14 96.05 49.64 96.01
Bi-SRNet [13] 73.04 2226  88.19 6521 69.11 1922 8225 5855 | 4657 9627 4474 9528
TED [14] 73.53 22.90 88.14 65.28 67.00 9.65 78.98 44.78 H 44.46 95.69 51.43 96.11
SCanNet [14] 73.42 23.90 88.20 66.66 71.38 22.68 84.69 61.21 H 38.32 94.58 47.29 95.29
RCDNet 73.04 24.57 89.00 68.29 72.83 29.49 87.35 70.41 H 59.05 97.73 53.98 96.78
RCDNet (synthetic) 73.47 25.25 89.24 68.90 75.32 33.81 88.95 73.50 H 63.14 97.99 60.21 97.50

with BCD methods, we employ the BCD datasets LEVIR-
CD [5] and WHU-CD [28]. Detailed description of each
dataset is provided in the supplementary document.

4.3. Evaluation Metrics

We evaluate the performance using four standard metrics
for semantic change detection: overall pixel accuracy (OA),
semantic mean intersection over union (mloU) [51], sep-
arated kappa coefficient (SeK) [51], and semantic change



detection F1 score (Fs.q) [13]. Detailed definitions are pro-
vided in the supplementary document.

4.4. Within-domain in SCD

We evaluate our proposed model against state-of-the-art
SCD methods, conducting within-domain tests where the
training and test sets originate from the same SCD dataset.
Although such aggregation is unnecessary in real-world
settings, to align RCD results with SCD we combine the
class-specific binary change maps, obtained from multiple
forward passes, into a unified semantic change map for
each image. We focus on post-change maps (i.e., growth
changes) for both datasets. Qualitative results, as shown
in Fig. 5, illustrate the model’s ability to capture pre-
cise, user-specified changes, highlighting the added detail
and accuracy enabled by our approach. The left part of
Tab. 1 presents within-domain performance for SECOND
and CNAM-CD, where RCDNet demonstrates superior per-
formance with or without synthetic data, outperforming the
second-best methods by notable margins: on SECOND, it
surpasses in SeK by 1.35, OA by 1.04, and Fo.4 by 2.24; on
CNAM-CD, it achieves an additional 3.94 in mloU, 11.13
in SeK, 4.26 in OA, and 12.29 in F4.q4. These quantitative
and qualitative improvements underscore the advantages of
RCD’s targeted approach, where user-defined change cat-
egories enable RCDNet to focus on specific, contextually
relevant transformations. This targeted approach, combined
with synthetic data pretraining, delivers more nuanced and
accurate results than standard SCD methods, which broadly
classify all changes without customization for user needs.

4.5. Within-domain in BCD

We evaluate performance on building change detection us-
ing the single-class BCD datasets LEVIR-CD and WHU-
CD. Given the single-class focus, SCD metrics are not
applicable; thus, we rely on the original BCD met-
rics: IoU and overall pixel accuracy (OA). Tab. 3 show
within-domain performance comparison for LEVIR-CD
and WHU-CD datasets. On WHU-CD, RCDNet (synthetic)
outperforms the state-of-the-art best loU (M-CD [41]) by
0.8 and matches the top OA at 99.7. On LEVIR-CD,
it achieves a 0.8 improvement in IoU over M-CD [41]
and shares the highest OA of 99.2. These results demon-
strate RCDNet’s state-of-the-art performance in the BCD
task, with no performance drop despite the focus on user-
specified categories, underscoring the robustness of RCD-
Net’s targeted approach and its adaptability to BCD along
with the SCD tasks.

4.6. Cross-domain Capabilities

We evaluate the performance in a cross-domain scenario,
where the target class (building) is familiar to the model
through training on the SECOND dataset, but the test

Tl-image T2-image Ground Truth RCDNet (S) RCDNet SCanNet
TED Bi-SRNet SSCD-1 HRSCD-str4 BAN HRSCD-str3

T1-image T2-image Ground Truth RCDNet (S) RCDNet SCanNet
TED Bi-SRNet SSCD-1 HRSCD-str4 BAN HRSCD-str3

Figure 5. Qualitative results corresponding to the ”Water Bodies”
category in CNAM-CD (upper row) and “Playground” category in
SECOND (lower row) datasets. T1-images represent pre-change
(earlier time point) and T2-images represent post-change (later
time point). In the results, white pixels indicate true positives,
black pixels indicate true negatives, green pixels denote false pos-
itives, and red pixels denote false negatives. The notation “(S)”
refers to synthetic pretraining applied to RCDNet.

Table 2. Mixed dataset performance in SCD datasets.

Metric RCDNet (mixed) RCDNet (distinct)
SECOND [51]

mloU (1) 72.98 73.04

SeK (1) 24.48 24.57

OA (1) 89.27 89.00

Fsca (1) 68.26 68.29
CNAM-CD [58]

mloU (1) 73.39 72.83

SeK (1) 30.00 29.49

OA (1) 87.51 87.35

Fsca (1) 70.61 70.41

images are drawn from the WHU-CD and LEVIR-CD
datasets. The right part of Tab. 1 shows the cross-domain
performance for the LEVIR-CD and WHU-CD datasets.
Results shows that RCDNet with synthetic data signifi-
cantly outperforms the other methods in cross-domain per-
formance on the WHU-CD and LEVIR-CD datasets. Com-
pared to the next best methods, it achieves a notable IoU im-
provement of 16.57 on WHU-CD and 8.78 on LEVIR-CD,
along with higher OA scores. Additionally, synthetic data
boosts RCDNet’s performance over its non-synthetic ver-
sion by 4.09 IoU on WHU-CD and 6.23 IoU on LEVIR-CD,
highlighting the effectiveness of synthetic data in enhancing
RCDNet’s adaptability across datasets. The diversity intro-
duced through our synthetic data generation pipeline plays
a key role in enabling this benefit, as it exposes RCDNet



Table 3. Within-domain performance in BCD datasets.

WHU-CD [28] LEVIR-CD [5]

Method IoU(M) OA(M) IoU() OA(M)
FC-Siam-conc [4] 66.5 98.5 72.0 98.5
SNUNet [18] 71.7 98.7 78.8 98.8
IFNet [52] 71.5 98.8 78.8 98.9
DT-SCN [33] 84.2 99.3 78.1 98.8
STANet [6] 70.0 98.5 77.4 98.7
BIT [7] 83.4 99.3 80.7 98.9
ChangeFormer [1] 79.5 99.1 82.5 99.0
ChangeMamba [8] 86.1 99.4 82.1 99.0
CDMamba [53] 88.2 99.5 83.1 99.0
DDPM-CD [2] 86.3 99.4 83.3 99.1
M-CD [41] 91.1 99.6 85.0 99.2
RCDNet 91.6 99.7 85.8 99.2
RCDNet (synthetic) 91.9 99.7 85.8 99.2

to a wider range of visual variations and change scenarios
during pretraining. By simulating diverse instances of the
target class across various contexts and conditions, the syn-
thetic data allows RCDNet to learn more generalized fea-
ture representations. This improved representation enables
the model to handle previously unseen imagery more effec-
tively, capturing complex patterns and subtle changes that
might otherwise be missed. We also experiment in a com-
pletely zero-shot setting where the target change category is
unknown to the model. While some results are promising,
performance is not consistently reliable across different im-
ages and categories. Nevertheless, if the text embedding of
an unseen category is sufficiently similar to those of seen
categories, zero-shot transfer should in principle be feasi-
ble. Due to these inconsistent results, we refrain from mak-
ing strong claims and leave this as a promising direction for
future research.

4.7. Mixed Dataset Performance

To evaluate the impact of combining datasets on the per-
formance of our RCDNet model, we conduct experiments
using a merged dataset. This approach consolidates mul-
tiple datasets into a single training phase, eliminating the
need for separate training sessions for each dataset and
thus streamlining the overall process. For comparison, we
combine the SECOND and CNAM-CD datasets and train
our model on this mixed dataset. The performance met-
rics are shown in Tab. 2, indicating that any performance
degradation is negligible compared to training on individ-
ual datasets and even surpasses performance on CNAM-
CD. These results confirm that our approach effectively pre-
serves model accuracy and robustness, even when trained
on a diverse mix of datasets, overcoming a key limitation
of traditional SCD methods, which cannot be effectively
trained with combined datasets due to their strict require-
ment for matching class numbers and names.

4.8. Ablation Studies

We perform extensive ablation studies to refine our architec-
ture, using a composite evaluation metric of 0.3 x mloU +
0.7 x SeK following [58] and report this score in SECOND
validation set. Key findings are summarized below:

1. Encoder Backbone: We evaluate several encoder back-
bones of different sizes, including Swin Transformer-B
(medium), Swin Transformer-S (small) [35], Segformer-
b2 (small), Segformer-b5 (large) [49], and the VMamba
series in tiny, small, and base configurations [34] (see
supplementary document for comparison graph). Based
on these tests, we select VMamba-small as our encoder,
which yielded the best results, confirming the observa-
tions of [41].

2. CLIP Variants: To assess the value of domain-specific
knowledge, we compare the remote sensing-specific
RemoteCLIP model [31] with OpenAI’s general CLIP
models [42]. Results show no advantage of RemoteCLIP
over the original CLIP weights, highlighting the strong
generalization capabilities of OpenAI’s CLIP, which has
been pretrained on a very extensive and diverse dataset.
(see supplementary document for comparison).

3. Pretraining Dataset: Models are pretrained on syn-
thetic data, ImageNet, or initialized from scratch.
Pretraining on synthetic data provides a substantially
stronger initial performance and better overall perfor-
mance. See the supplementary document for a compar-
ison over training epochs and performance advantage in
SCD and BCD tasks provided by synthetic dataset pre-
training.

4. Decoder Backbone: Both MLP-based and Mamba-
based decoders are evaluated. The Mamba-based de-
coder outperforms the MLP-based option with compa-
rable computational expense. More details are available
in the supplementary document.

5. CLIP Freezing: We assess the impact of freezing versus
fine-tuning the CLIP weights using LORA [25]. Supple-
mentary document includes performance comparisons
for both cases.

5. Conclusion

We introduce RCD, a flexible approach for user-directed
change detection in remote sensing imagery. RCD ad-
dresses the limitations of traditional binary and semantic
change detection methods by integrating pre-trained lan-
guage models with a change detection network, allow-
ing users to specify desired detection categories via nat-
ural language prompts. Additionally, our diffusion-based
synthetic data generation pipeline produces realistic post-
change images and change maps, mitigating data scarcity
and class imbalance to improve overall and cross-domain
performance of RCDNet, our proposed RCD model.
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