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Abstract

Data-driven deep learning models have enabled tremendous
progress in change detection (CD) with the support of pixel-
level annotations. However, collecting diverse data and man-
ually annotating them is costly, laborious, and knowledge-
intensive. Existing generative methods for CD data synthe-
sis show competitive potential in addressing this issue but
still face the following limitations: 1) difficulty in flexibly
controlling change events, 2) dependence on additional data
to train the data generators, 3) focus on specific change de-
tection tasks. To this end, this paper focuses on the seman-
tic CD (SCD) task and develops a multi-temporal SCD data
generator ChangeDiff by exploring powerful diffusion mod-
els. ChangeDiff innovatively generates change data in two
steps: first, it uses text prompts and a text-to-layout (T2L)
model to create continuous layouts, and then it employs
layout-to-image (L2I) to convert these layouts into images.
Specifically, we propose multi-class distribution-guided text
prompts (MCDG-TP), allowing for layouts to be generated
flexibly through controllable classes and their correspond-
ing ratios. Subsequently, to generalize the T2L model to the
proposed MCDG-TP, a class distribution refinement loss is
further designed as training supervision. Our generated data
shows significant progress in temporal continuity, spatial di-
versity, and quality realism, empowering change detectors
with accuracy and transferability. The code is available at
https://github.com/DZhaoXd/ChangeDitf.

Introduction

Change detection (CD), a key Earth observation task, em-
ploys bitemporal remote sensing data to gain a dynamic
understanding of the Earth’s surface, producing pixel-wise
change maps for ground objects (Feranec et al. 2007; Chen
et al. 2013; Kadhim, Mourshed, and Bray 2016). In re-
cent years, data-driven deep learning models have provided
promising tools for CD and achieved remarkable progress
(Lei etal. 2019; Arabi, Karoui, and Djerriri 2018; Dong et al.
2018). These advancements rely on large-scale, high-quality
pixel-level annotations. However, building such a dataset
poses a significant challenge because collecting diverse data
and manually annotating them is costly, labor-intensive, and
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Methods Text Control ~ Layout Diversity w/o Extra Seg. Data  SCD Task
TAug (Chen, Li, and Shi 2021) X X v X
ChangeStar (Zheng et al. 2021) X X X X
Self-Pair (Seo et al. 2023) X X X X
Changen (Zheng et al. 2023) X X X v
ChangeDiff (Ours) v v v v

Table 1: Comparison of data synthesis method in change
detection regarding functionality, data support, and applica-
tion tasks. Our ChangeDiff shows more practical and strong
functions and application scenarios.

requires expert intervention. As a result, these challenges un-
surprisingly restrict the size of existing public CD datasets,
compared to general-purpose vision datasets such as Ima-
geNet (Deng et al. 2009).

To alleviate high demand for data annotation, data syn-
thesis has emerged as an alternative solution with promising
application potential. Currently, a few synthesis techniques
for binary CD (e.g., building variations) have been stud-
ied, categorized into two mainstreams: data augmentation-
based and data generation-based methods. In the former,
TAug (Zheng et al. 2021) and Self-Pair (Seo et al. 2023)
use copy-paste and image inpainting techniques, pasting in-
stances or patches from other regions onto target images
to simulate building changes. However, the inconsistency
between pasted areas and backgrounds makes it challeng-
ing to create realistic scene changes. In the latter, Changen
(Zheng et al. 2023) introduces a generic probabilistic graph-
ical model to generate continuous change pairs, improving
the realism of synthetic images. However, Changen still re-
lies on copy-paste operation of the image mask (semantic
layout) to create changes, making it difficult to flexibly con-
trol change events. Additionally, the mask-based copy-paste
is not easily applicable to semantic CD (SCD) task due to
the lack of complete masks. Moreover, it requires additional
segmentation data to train the probabilistic model, limiting
transferability to specific target data. A detailed comparison
of these methods is provided in Table 1.

Recently, driven by latent diffusion models (Rombach
et al. 2022), generative models have reached a new mile-
stone(Khanna et al. 2023). Stable Diffusion (Podell et al.
2023) and DALL-E2 (Ramesh et al. 2022) introduce large-
scale pretrained text-to-image (T2I) diffusion models that
can generate high-quality images matching textual descrip-
tions. Furthermore, advanced work, e.g., ControlNet (Zhang
2023), has shown that by incorporating fine-grained con-



Multi-temporal semantically changing synthetic data

Layout
Controlled
Image

“A remote sensing +28%
image with Groun
and Low Vege.”

Text
Prompt

5 2 I S z
Controlled
Layout
1 @ 1 @ 1 gl 1 1

Building + 7% Building  + 15% Building + 3% Water
+ 3% Low Vege. + 6% Tree

&

- 8% Ground  + 5% Sports Field + 3% Low Vege.

- 4% Building + 7% Ground + 1% Water

- ‘Water - Ground - Tree - Building - Low Vegetation - Sports Field
Figure 1: Multi-temporal semantic change synthetic data synthesized by our ChangeDiff, which is trained on the sparsely
labeled semantic change detection SECOND (Yang et al. 2021) dataset. It describes an area under construction, where man-
made facilities are gradually being completed. ChangeDiff takes text prompts as input, generates semantic events, and specifies

changes in a controllable manner by modifying the text prompts.

trols, such as semantic layouts, textures, or depth, T2I mod-
els can be adapted into layout-to-image (L2I) models, allow-
ing for more flexible generation of images matching input
layouts. This inspires us to question whether advanced T21
and L2I models can be applied to CD data synthesis to en-
hance CD tasks.

Through our analysis, we identify the core challenge
as: how to construct continuous change events using in-
put text, which arises from the following aspects: ) In CD
tasks, especially SCD, semantic annotations are incomplete
(sparse), with only the semantic classes of changed areas
being labeled. This makes it difficult to create precise text-
to-image mappings and train T2I or L2 models. ) Com-
mon used text prompts, such as “A remote sensing
image of {classname}”, are inadequate for present
continuous change events. We need to develop suitable text
prompts tailored for CD tasks. 3) Text-to-image mapping
does not provide spatial semantics of the generated images,
rendering the synthesized image pairs for downstream su-
pervised training.

In this paper, we explore the potential of T2I and L2I
models for SCD tasks and develop a novel multi-temporal
SCD data generator without requiring paired images or
external datasets, coined as ChangeDiff. To address the
core challenges, ChangeDiff innovatively divides the change
data generation into two steps: 1) it uses carefully de-
signed text prompts and text-to-layout (T2L) diffusion mod-
els to generate continuous layouts; 2) it employs layout-
to-image (L2I) diffusion model to transform these layouts
into continuous time-varying images, as illustrated in Fig. 1.
Specifically, we innovatively develop a text-to-layout (T2L)
generation model using multi-class distribution-guided text
prompt (MCDG-TP) as input to generate layout flexibly. Our

MCDG-TP translates the layout into semantic class distribu-
tions via text, i.e., each class with a class ratio, which offers
a simple yet powerful control over the scene composition.
Meanwhile, the ingredients of MCDG-TP differ from the
text prompts used for pre-training the T2I model. This dif-
ference prevents the T2I model from generalizing to texts
with arbitrary compositions, as text is the sole driver of opti-
mization during noise prediction. To address this, we design
a class distribution refinement loss to train our T2L model.
With the trained T2L model, sparse layouts enable com-
pletion by inputting text with amplified class ratios; then,
taking the completed layout as a reference, time-varying
events can be simulated via MCDG-TP in three modes: ratio
reshaper, class expander, and class reducer. Subsequently,
the fine-tuned L2I model synthesizes new images aligned
with the simulated layout masks. The data generated by our
ChangeDiff shows significant progress in temporal continu-
ity, spatial diversity, and quality realism. The main contribu-
tions of this paper are five-fold:

* To the best of our knowledge, we are the first to explore
the potential of diffusion models for the SCD task and
develope the first SCD data generator ChangeDiff.

* We propose a multi-class distribution-guided text prompt
(MCDG-TP), using controllable classes and ratios, to
complement sparse layout masks.

* We propose a class distribution refinement loss as train-
ing supervision to generalize the text-to-image diffusion
model to the proposed MCDG-TP.

* We propose MCDG-TP in three modes to simulate time-
varying events for synthesizing new layout masks and
corresponding images.

* Extensive experiments demonstrate that our high-quality



generated data is beneficial to boost the performance of
existing change detectors and has better transferability.

Related Work

Binary & Semantic Change Detection & Text-guided
Diffusion Model. Please refer to the Appendix A.

Data Synthesis in Change Detection. Currently, there are
several advanced data synthesis methods for the change de-
tection task. ChangeStar (Zheng et al. 2021) and Self-Pair
(Seo et al. 2023) employ simple copy-paste operations, past-
ing patches from other regions onto the target image to sim-
ulate changes. However, artifacts introduced by the paste
operation and the inconsistency between foreground and
background make it challenging to create realistic scene
changes. IAug (Chen, Li, and Shi 2021) uses a genera-
tive model (GAN) to synthesize changed objects, but its
building-specific modeling approach limits its generaliza-
tion to diverse scenes. Changen (Zheng et al. 2023) proposes
a generic probabilistic graphical model to represent contin-
uous change events, enhancing the realism of synthetic im-
ages. Its latest version, Changen2 (Zheng et al. 2024), intro-
duces a diffusion transformer model, further improving gen-
eration quality. However, it relies on additional segmentation
data to train the probabilistic model, making it unsuitable for
direct data augmentation in change detection tasks.

Our ChangeDiff does not rely on additional segmenta-
tion data, simplifying its integration into existing workflows.
Besides, ChangeDiff supports text control, enabling users
to specify the generated changes precisely. Furthermore,
ChangeDiff can synthesize diverse and continuous layouts,
which is crucial for improving the transferability of syn-
thetic data.

Method

Given a single-temporal image x € RFXWX3 and its
sparsely-labeled (only the change area) semantic layout y €
RHXW in the semantic change detection (SCD) dataset, our
SCD data generator ChangeDiff aims to simulate tempo-
ral changes via diffusion models conditioned on diverse
completed semantic layouts. The pipeline of ChangeDiff is
shown in Fig. 2. Overall, ChangeDiff consists of the text-to-
layout (T2L) diffusion model for changing layout synthesis
and the layout-to-image (L2I) diffusion model for changing
image synthesis. In the next part, we first introduce the de-
tailed design of T2L and L2I diffusion models. Then, we
discuss how to flexibly encode semantic layouts into the text
prompt. Lastly, we introduce how to synthesize complete
and diverse layouts via text prompts.

Preliminary

Both T2L and L2I models are built on the latent diffusion
model (LDM) (Rombach et al. 2022), widely used in con-
ditional generation tasks for its powerful capabilities. LDM
learns the data distribution by constructing a T-step denois-
ing process in the latent space for the normally distributed
variables added to the image x € R¥XW>*3_ Given a noisy
image x; at time step ¢t € {1,...,T}, the denoising func-
tion €9 parameterized by a U-Net (Ronneberger, Fischer,

and Brox 2015) learns to predict the noise € to recover x.

Lipm =By cnvonlle =€z, t, (M)A (1)

where z = g¢(x) is the encoding of the image in latent space.
Ty is a pre-trained text encoder (Radford et al. 2021) that
enables cross-attention between the text T and z; to steer the
diffusion process.

T2L Model. Given a semantic layout y where pixel values
are category IDs, we encode y as a three-channel color map
C, in RGB style, and each color indicates a category. This
enables leveraging the pre-trained LDM model to generate
semantic layouts from input text prompts T.

L2I Model. Recent works like ControlNet (Zhang 2023)
propose conditioning on both semantic layout y and text
prompt T to synthesize images aligned well with specific
semantic layouts. Following this, we adopt the ControlNet
structure, which adds a trainable side network to the LDM
model for encoding semantic layout y.

Flexible Text Prompt as Condition

We explore encoding semantic layouts via text prompts to
utilize the T2L model for completing sparse layouts and gen-
erating diverse layouts.

Semantic Layout Translation. A semantic layout y can
be decomposed into two components: category names {7}
and their corresponding connected areas {a;}. The names
can be naturally encoded by filling in the corresponding tex-
tual interpretation into T, but connected areas can not since
the pixels within them are arranged consecutively. To dis-
cretize, we partition each pixel into cells at distinct coordi-
nate points. Cells with the same category ID can be count-
aggregated into a unique class ratio, quantitatively character-
izing the corresponding {a;} for insertion into the encoding
vocabulary of T. Formally, given a semantic layout y, the
connected areas a; of the j-th class are represented by the
class ratio R; as,

HW
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1(+) is an indicator function, which is 1 if the category ID is
J» otherwise itis 0. Then, a certain category j in the semantic
layout y is encoded as a phrase (n;, R;) with two tokens.

Text Prompt Construction. With the phrases encoding
multiple categories, we serialize them into a single se-
quence to generate text prompts. All phrases will be sorted
randomly. Specifically, we adopt a template to construct
the text prompt, “A remote sensing photo with
{class distributions}”, where class distributions =
“ooo(nj-1,Rj-1)(nj, Rj)(njy1, Rjy1) ..., We term this as
multi-class distribution-guided text prompt (MCDG-TP).

Class Distribution Refinement Loss

The loss function £ pps used to pre-train the LDM model
only optimizes the denoising function €4 (See Eq. (1)), en-
abling it to predict noise and thus recover the clean im-
age. There is no explicit constraint between the embeddings
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Figure 2: An overview of the proposed ChangeDiff, which consists of two components, i.e., changing layout synthesis (CLS)
and changing image synthesis (CIS). In the CLS: I. The text-to-layout (T2L) model is fine-tuned on the target data via MCDG-
TP; II. Text with amplified class ratios is fed into the fine-tuned T2L model to generate the completed layouts; III. Taking the
completed layout as a reference, texts with different class compositions are fed into the fine-tuned T2L model to synthesize
temporally changed layouts. In the CIS: New images aligned with the changed layouts are synthesized via a layout-to-image

model fine-tuned to the target data.

7¢(T) of text prompts and noisy images z; in the latent
space. As a result, when provided with refined text prompts
during inference, the learned denoising function €9 may fail
to generate the corresponding object composition. To better
understand the text prompt T, we design a class distribution
refinement loss Lcpr that explicitly supervises the cross-
attention map between 79 (T) and z, during training. Our
Lcpr assists the model in capturing information from the
budget ratio and spatial location. For a cross-attention map
at any layer m € M, the Lcpr is defined as follows,

3

Lcpr = Lrar+  Lspa
S~ S~——

ratio spatial location
For the ratio, the cross-attention maps A.;qss of objects
are weighted by that of their corresponding ratios Ay 40 to
define a combined map Acom = Aciass * Aratio- Acom 18
taken as the constraint target in Lgar,

H;, Wi
I 1 Z hw [ﬂ (ﬂ(com j)>0)] _
RAT = H,W,, N
ﬂhw

is the intersection of class activations in the gen-
(com,j)

erated features and the GT. H,,, X W,, is the map size of the
m-th layer. This formula enforces that the cross-attention ac-
tivations from the diffusion model align with the true class
ratio R; for any class j.

For the spatial location, we acquire a binary segmentation
map M for each object in T from its respected semantic
layout y, providing the ground truth distribution. Lgp4 ag-
gregates pixel-level activation values of objects and encour-
ages their even distribution,

J HW,

my\2
-ZSPA ]H W 2 Z (‘ﬂ(claw 7) _Mj) . (5)

“

f’;yawj) is the cross-attention map from the diffusion

model, which means activations of category words on gen-
erated image features. M’ is formed through bilinear in-
terpolation followed by binarization to match the resolution
of the map of the m -th layer. This formula enforces spatial
alignment of activations with the true response M;"

Changing Layout Synthesis

To synthesize the changed images, reasonable and diverse
layout synthesis in the temporal dimension is required as a
semantic guide.

T2L Model Training. Given the target SCD dataset, we
use the [text prompt T, color map C,] training pairs to
fine-tune the T2L model, where T, is the corresponding text
generated via our MCDG-TP for the color map. With the
proposed loss Lcpr and the original loss L7 pas, the T2L
model is supervised during fine-tuning as follows,

M
-EChangeDiff =Lipm+ Z LgDR' (6)
m

Sparse Layout Completion. Since generating a changed
image requires a complete layout, it is necessary to complete
the sparse layout to serve as a reference for synthesizing the
changed layout. To obtain the completed layout, we input
text prompt T, with amplified class ratios and random noise
z¢ sampled from z ~ N(0, 1) into the fine-tuned T2L model.
By varying T, and z., various reference color maps C; with
different object compositions can be obtained.

Time-varying Event Simulation. With an arbitrary ref-
erence layout and its corresponding [T, z.], we input noise
sampled following z. and varied text into the fine-tuned T2L
model to simulate real-world time-varying events. For the



Train on 5% SECOND Train Set
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Methods Params. (M) OA  Scor mlol Sek I Kappa IoU Fl Rec. Pre Methods Params. (M) OA  Scor nlol Sek I Kappa IoU Fl Rec. Pre.
SSCDL (Ding et al. 2022) 1322 839 269 654 105 508 549 464 634 618 650 SSCDL (Dingetal 2022) 1322 454 247 414 204 393 381 357 420 416 424
SSCDL + Ours 835 290 663 130 530 568 487 655 691 623 SSCDL + Ours 466 260 442 225 415 403 388 450 433 441
BiSRNet (Dingetal 2022) 1331 836 261 648 96 495 539 454 625 607 643 BiSRNet (Dingetal. 2022) 1331 418 308 367 261 379 368 363 408 413 404
BiSRNet + Ours 838 285 663 123 524 567 483 652 665 639 BiSRNet + Ours 415 279 391 294 420 386 331 430 441 421
TED (Ding et al. 2024) 14.1 839 271 65.7 105 503 554 46.8 638 62.1 655 TED (Ding et al. 2024) 14.1 443 323 43.6 246 418 439 40.8 464 465 462
TED + Ours 847 267 666 124 530 568 480 649 629 669 TED+Ours 491 285 434 264 437 398 369 462 458 466
A2Net (Li et al. 2023) 3.93 838 27.1 66.1 104 497 56.1 475 644 633 655 A2Net (Li et al. 2023) 3.93 386 256 352 272 394 36.1 31.7 395 405 385
A2Net + Ours 837 280 662 116 514 565 481 650 660 639 A2Net + Ours 43 337 393 282 393 396 379 434 431 436
SCanNet (Ding et al. 2024) 17.81 828 274 65.1 113 511 54.8 47.0 640 67.6 60.7 SCanNet (Ding et al. 2024) 17.81 477 36.8 45.6 305 452 452 43.0 452 455 450
SCanNet + Ours 854 296 671 136 542 576 485 653 619 69.1 SCanNet + Ours 501 387 477 332 415 477 442 465 469 462
Train on 20% SECOND Train Set Train on 100% Landsat-SCD Train Set
Methods Params. (M) OA  Score mloU  Sek | Kappa IoU Fl  Rec. Pre Methods Params. (M) OA  Score mloU  Sek | Kappa ToU Fl Rec. Pre
A2Net (Li et al. 2023) 3.93 849 317 68.9 158 559 60.9 523 687 71.6 66.0 SSCDL (Ding et al. 2022) 13.22 944 577 842 463 827 82.2 745 854 858 850
A2Net + Ours 86.1 325 69.6 16.6 57.3 61.9 528 69.1 68.1 70.1 SSCDL + Ours 96.8 60.1 86.7 483 83.0 84.0 75.6 865 879 852
SCanNet (Ding et al. 2024) 17.81 848 319 68.6 162 565 60.4 519 684 720 65.1 BiSRNet (Ding et al. 2022) 13.31 945 583 84.3 542 834 824 747 855 86.1 849
SCanNet + Ours 869 338 701 182 591 626 532 694 665 726 BiSRNet + Ours 950 592 863 565 857 834 769 872 888 856
Train on 100% SECOND Train Set TED (Ding et al. 2024) 141 959 665 882 572 8§75 8§72 809 895 895 8§94
Methods Params. (M) OA Score mloU Sek [ Kappa IoU Fl Rec. Pre TED + Ours 983 665 8.1 580 877 872 815 90.6 903 910
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N " SCanNet (Ding et al. 2024) 17.81 96.5 69.9 89.4 615 89.6 88.6 828 90.6 91.0 90.2
BiSRNet (Ding et al. 2022) 13.31 874 362 719 209 608 65.3 560 71.8 682 758 <
BiSRNet + Ours 884 384 734 234 637 676 582 735 706 768 SCNCERONE S i G G Gl Gn) G Unl SHD Gl
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(Ding etal. §14 360 T24 23 OLL G616 Tas s T Table 3: Performance of our ChangeDiff using as data aug
A2Net (Li etal. 2023) 393 878 374 728 223 619 667 574 729 693 769 mentation on the Landsat-SCD dataset.
A2Net + Ours 881 383 733 232 634 6.5 583 736 724 769
SCanNet (Ding etal. 2024) 1781 878 378 729 228 626 668 577 731 706 759
SCanNet + Ours 890 392 737 244 651 679 583 741 726 760

Table 2: Performance of our ChangeDiff using as data aug-
mentation on the SECOND dataset. The training data of
ChangeDiff comes from 5%, 20%, and 100% of the train-
ing samples, respectively. The metric is used for semantic
CD, and the metric is used in binary CD.

varied text, we construct MCDG-TP in three modes, a) ra-
tio reshaper T: randomly change the ratio of each class in
T.; b) class expander T,: randomly create new classes into
T.; c) class reducer T4: randomly remove certain classes
from T.. Diverse changed color maps {C;;1,...,Ciw,} in
spatiality can be obtained, and then we can get the changed
layout masks {y;+1,...,Vi+n} Via a learning-free projection
function froior—mask : REXWX3 — RHXWXJ o maps
RGB values to mask space by simple color matching, e.g.,
mapping red pixel ([255, 0, 0]) to class id 1.

Changing Image Synthesis

Conditioned on the synthesized color maps {C;,. .., Ci}
and texts {T;,...,Ti+n}, we use the fine-tuned L2I model
to synthesize images {x;,...,X;4+,} aligned with the given
layouts. During synthesis, we randomly sample a noise z;
from z ~ N(0, 1) to obtain a reference image x;. Starting
from x;, the semantic content of images over time should re-
main within a certain similarity range. To this end, the input
noises {zj+1, ..., Zi+n} for the changed images is sampled
via a stitching mechanism, which is formulated by,

Ziv1 = azi + (1 = @)z (r2i) - @)

Zr(r#i) i arbitrary noise sampled from z ~ N(0, 1). Pro-
portional injection of z,(,4;) ensures the semantic content
of the synthesized image conforms to realistic and reason-
able changes, i.e., be temporally continuous. At this point,
the synthesized images can be paired with layout masks to
form new large-scale training samples with dense annota-

tiOHS, {('xl’ yl)7 DR} (-xi+n7 )’i+n)}-

Experiments
Datasets and Experimental Setup

Setup. We evaluate the effectiveness of ChangeDiff on se-
mantic change detection tasks using the following two set-
tings: 1) Data Augmentation: This setup aims to verify if
synthetic data from ChangeDiff can enhance the model’s
discrimination capability on in-domain samples. We use
three commonly used semantic change detection datasets,
including SECOND (Yang et al. 2021), Landsat-SCD (Yuan
et al. 2022), and HRSCD (Daudt et al. 2019). We train our
ChangeDiff on these datasets, respectively. 2) Pre-training
Transfer: This setup aims to verify if ChangeDiff can lever-
age publicly available semantic segmentation data to synthe-
size extensive data for pre-training, benefiting downstream
change detection tasks. We use additional semantic segmen-
tation data from LoveDA (Wang et al. 2021) as the train-
ing source for ChangeDiff and perform pre-training with the
synthetic data. We then validate its effectiveness on the SEC-
OND and HRSCD target datasets using two transfer ways,
including “zero-shot transfer”” and “fine-tuning transfer”.
Datasets. Please refer to the Appendix B.

Implementation Details. Please refer to the Appendix C.

Data Augmentation:

We validate the effectiveness of ChangeDiff as data aug-
mentation on three datasets: SECOND, Landsat-SCD, and
HRSCD. SECOND and Landsat-SCD datasets contain in-
complete (sparse) semantic annotations, while HRSCD has
complete semantic annotations. We integrate ChangeDiff
with various semantic change detection methods, includ-
ing CNN-based approaches like SSCDL, BiSRNet, TED,
the lightweight A2Net, and the Transformer-based SCanNet.
Experimental results clearly demonstrate the effectiveness
of our method, particularly in addressing semantic imbal-
ance (measured by the Sek metric) and improving binary
change detection performance (measured by the F1-score).

Augmentation for SECOND Dataset. As shown in Table 2,
for models trained on just 5% of the SECOND dataset, In-
tegrating our method with existing approaches consistently



Train on 5% HRSCD Train Set

Methods Params. (M) OA  Score mloU  Sek I Kappa IoU Fl Rec. Pre
BiSRNet (Ding et al. 2022) 13.31 41.1 182 363 122 309 335 281 373 373 373
BiSRNet + Ours 435 209 372 141 319 328 299 367 362 371
TED (Ding et al. 2024) 14.1 413 190 355 121 288 320 282 351 343 359
TED + Ours 442 208 379 149 290 340 30.6 36.6 346 389
A2Net (Li et al. 2023) 3.93 412 183 354 109 285 312 279 342 336 349
A2Net + Ours 453 209 360 129 309 339 297 357 338 378
SCanNet (Ding et al. 2024) 17.81 432 199 360 130 292 329 289 357 352 362
SCanNet + Ours 474 207 364 143 294 342 292 367 36.6 36.7
Train on 100% HRSCD Train Set

Methods Params. (M) OA  Score mloU  Sek | Kappa ToU Fl Rec. Pre
BiSRNet (Ding et al. 2022) 13.31 872 370 726 236 619 674 577 741 725 757
BiSRNet + Ours 898 38.0 754 239 640 689 604 765 757 774
TED (Ding et al. 2024) 14.1 874 376 729 237 620 676 585 737 723 752
TED + Ours 888 390 741 259 640 684 598 752 744 76.1

A2Net (Li et al. 2023) 3.93 879 380 732 238 628 679 586 742 727 758
A2Net + Ours 89.0 393 747 251 642 691 60.6 755 741 77.0
SCanNet (Ding et al. 2024) 17.81 89.1 398 742 251 653 693 612 76.1 741 782
SCanNet + Ours 904 412 760 267 666 712 622 772 757 789

Table 4: Performance of our ChangeDiff using as data aug-
mentation on the HRSCD dataset.

enhances their performance, with average improvements of
2.5% in SeK, 2.3% in IoU, 2.1% in F1 score, notable gains in
recall, and precision, demonstrating the effectiveness of our
method across various models. As the training set scales to
20% and 100% of the data, our method continues to deliver
substantial improvements. Integrating our method with ex-
isting models yields significant improvements, with average
gains of 2.4% in SeK, 1.7% in IoU, and 1.4% in F1 score, as
well as notable enhancements in recall and precision, show-
ing its effectiveness across different training scenarios.
Augmentation for Landsat-SCD Dataset. The low resolu-
tion of the Landsat-SCD dataset presents a greater chal-
lenge for effective data synthesis. In Table 3, with 5% train-
ing samples, ChangeDiff improves SeK across all models.
SeK increased from 20.4% to 22.5% with SSCDL and from
26.1% to 32.4% with BiSRNet. Similarly, F1l-scores also
see significant improvements, with SSCDL’s F1 rising from
42.0% to 45.0% and A2Net’s from 39.5% to 43.4%. With
100% training samples, SeK continued to improve, reflect-
ing enhanced performance on imbalanced data, such as SS-
CDL’s SeK increasing from 46.3% to 48.3%. F1 scores fur-
ther improved, with TED’s F1 rising from 89.5% to 90.6%.
Augmentation for HRSCD Dataset. HRSCD dataset suf-
fers from class imbalance problems and its annotations are
relatively coarse. Despite this, our ChangeDiff still shows
a stable performance improvement. Specifically, with 5%
training samples, the method enhanced SeK and F1 across
all models, indicating better handling of semantic imbal-
ance and improved detection accuracy. With 100% training
samples, ChangeDiff further boosted SeK and F1, highlight-
ing its capability to refine both imbalance management and
overall performance in change detection.

Comparison with Augmentation Competitors. In Fig. 3, we
evaluate several data augmentation methods for change de-
tection on the SECOND and HRSCD datasets. ChangeStar
(Zheng et al. 2021) and Self-Pair (Seo et al. 2023), which
utilize copy-paste operations, potentially compromise image
authenticity, leading to performance drops of 1.4% SeK and
1.2% SeK points on SECOND and HRSCD, respectively.
IAug, based on GANs, underperforms the baseline by 1.0%
SeK on SECOND and a notable 3.6% SeK on HRSCD.
Changen (Zheng et al. 2023), a more advanced GAN-based
method, shows marginal improvement on HRSCD but falls
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Figure 3: Comparison of data augmentation methods on two
SCD datasets against competing approaches. We reproduce
the results of Changen on the two SCD datasets, not using
other segmentation datasets.

Zero-shot Transfer: Train on LoveDA and Test on SECOND, .,

SCD BCD
Methods Backbone | SeKs Kappas mloUs F1 Pre. Rec.
Copy-Paste (CP) R-18 4.7 39.6 399 | 427 461 39.7
ControlNet (Zhang 2023) + CP R-18 10.7 48.7 55.1 | 494 498 49.0
Changen (Zheng et al. 2023) R-18 7.9 47.9 53.1 | 472 469 476
ChangeDiff (Ours) R-18 13.6 55.9 60.1 | 555 551 559

Table 5: Comparison of zero-shot transfer setting. We eval-
uate the shared five semantic categories from LoveDA to
SECOND: Barren — ground, Forest — Tree, Agriculuture
— Low Vegetation, Water — Water, Building — Building.
The SCD model used here is SCanNet.

short on SECOND. In contrast, our approach surpasses the
baseline by 2.1% SeK points on SECOND and 2.2% SeK
points on HRSCD, demonstrating superior effectiveness in
enhancing detection performance across diverse datasets.

Pre-training Transfer

In this section, we aim to validate the benefit of using
ChangeDiff for data synthesis with the out-of-domain se-
mantic segmentation dataset, LoveDA, in the context of the
SCD task. We conduct experiments to validate this from
two perspectives: zero-shot transfer and fine-tuning transfer.
More transfer experiments are in Appendix D.

Zero-shot Transfer. As shown in Table 5, we evaluate the
performance of several data synthesis methods: Copy-Paste,
ControlNet + Copy-Paste, Changen, and our ChangeDiff.
These methods all synthesize an equal number of 10k im-
ages and are trained with the same model with same itera-
tions. The results highlight that the ChangeDiff outperforms
the others across all metrics. Copy-Paste shows the weakest
performance, with a mloUs of 39.9%, F1-score of 42.7%,
and SeKs of 4.7%. ControlNet + Copy-Paste improves per-
formance, achieving an mloUs of 55.1%, F1-score of 49.4%,
and SeKjs of 10.7%. Changen also performs reasonably well,
with a mloUs of 53.1%, Fl-score of 47.2%, and SeKs of
7.9%. ChangeDiff (Ours) demonstrates the best results, with
a mloUs of 60.1%, F1-score of 55.5%, and SeKs of 13.6%.
These results suggest that our ChangeDiff generates higher-
quality synthetic data with better transferability to down-
stream tasks.

Fine-tuning Transfer. We plot the performance curves of
various pre-trained models on the validation set in Fig. 5,
showing the SCD (right) and BCD (left) metrics. Our
ChangeDiff, pretrained on 10k synthetic change data pairs
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Figure 4: Visual comparison of different augmentation methods for semantic change detection. a) Training data in the SECOND
dataset. The white areas in GT are not labeled. b) Self-Pair (Seo et al. 2023): Pasting objects from other patches onto the target
image to create changes. c) Changen (Zheng et al. 2023): Synthesizing images from a given sparse-labeled layout, and d)
synthesizing images from a randomly filled layout. e) Ours: Synthesizing images from our synthetic layout. The red boxes in
b), ), and d) show the low image quality and unknown semantics due to the lack of reasonable layout.

Epoch Epoch

Figure 5: Impact of different pre-train on model performance
in the SECOND dataset. We compare: 1) pre-training with
ImageNet classification data, 2) pre-training with Changen
(Zheng et al. 2023) binary synthetic change detection data
(90k pairs), and 3) pre-training with our multi-class syn-
thetic change detection data (/0k pairs). They all use SCan-
Net with ResNet-18 as the backbone.

with 8 semantic classes from LoveDA, achieves faster con-
vergence and higher accuracy across different training sam-
ple ratios. Compared to ImageNet pretraining, ChangeDiff
accelerates convergence and reduces the accuracy gap be-
tween models trained with 5% and 20% of the training set.
In contrast, Changen’s binary classification pretraining per-
forms poorly on multiclass tasks despite using more data,
as its focus on building changes is less suitable for diverse
target data in SECOND.

Ablation Studies. We ablate our core module MCDG-TP on
three experiments: augmentation for SECOND and Landsat-
SCD, and fine-tuning transfer on SECOND. We replace
MCDG-TP with two strong variants: Copy-Paste and orig-
inal T2I, and present the performance results in Table. 6.
The ablation studies highlight the significant effectiveness
of our MCDG-TP module. When compared to the baseline,
MCDG-TP improves SeK by 2.3% and F1 by 1.3% in the
Augment SECOND scenario. In the Augment Landsat-SCD
scenario, shows enhancements of 2.4% in SeK and 3.0% in
F1. For Fine-tuning Transfer, MCDG-TP achieves improve-
ments of 2.7% in SeK and 1.3% in F1. These results demon-
strate that MCDG-TP consistently delivers substantial per-
formance gains across different experimental setups, outper-

Augment SECOND Augment Landsat-SCD | Fine-tuning Transfer
Methods 5% 100% 5% 100% 100%

SeK F1 SeK F1 SeK F1 SeK Fl1

Baseline 113 640 228 731 30.5 452 22.8 73.1
Copy-Paste + L21 106 62.1 215 711 28.6 41.6 229 72.7
Original T2L + L2I 11.1 63.1 20.8 71.7 28.1 423 232 72.1
MCDG-TP + 136 653 244 741 | 332 165 249 743
T2L (Ours) + L21 | (+2.3)  (+1.3)  (+1.6)  (+1.1) | (+2.7) (+1.3) (+2.1) (+1.1)

Table 6: Ablation Studies on our MCDG-TP.

forming the alternative methods.

Qualitative Analysis

Comparison of Synthesis Quality. As shown in Fig. 4, we
compare semantic change detection data synthesized using
different methods: b) Self-Pair (Seo et al. 2023): Objects
are pasted from other patches, creating mismatches in the
foreground and background (highlighted in red). c) Changen
(Sparse Layout) (Zheng et al. 2023): Images are synthe-
sized from a sparse layout, with semantically unclear re-
gions (highlighted in red) due to unknown semantics in the
white areas. d) Changen (Random Filled Layout): Images
synthesized with random filling show visible artifacts due to
poor semantic consistency (highlighted in red). e) Ours: Our
method generates high-quality images with improved con-
sistency and clarity, thanks to a well-designed layout and
change events.

Conclusion

Change detection (CD) benefits from deep learning, but data
collection and annotation remain costly. Existing genera-
tive methods for CD face issues with realism, scalability,
and generalization. We introduce ChangeDiff, a new multi-
temporal semantic CD data generator using diffusion mod-
els. ChangeDiff generates realistic images and simulates
continuous changes without needing paired images or ex-
ternal datasets. It uses a text prompt for layout generation
and a refinement loss to improve generalization. Future work
could extend this approach to other CD tasks and enhance
model scalability.
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