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Abstract

Unsupervised Change Detection (UCD) in Very High Reso-
lution (VHR) Remote Sensing (RS) images remains to be a
difficult challenge due to the inherent spatio-temporal com-
plexity within data. Inspired by recent advancements in Vi-
sual Foundation Models (VFMs) and Contrastive Learning
(CL), this research aims to develop CL methodologies to
translate implicit knowledge in VFM into change representa-
tions, thus eliminating the need for explicit supervision. To
this end, we introduce a Semantic-to-Change (S2C) learn-
ing framework for UCD in VHR RS images. Differently
from existing CL methodologies that typically focus on learn-
ing multi-temporal similarities, we introduce a novel triplet
learning strategy that explicitly models temporal differences,
which are crucial to the CD task. Furthermore, random spa-
tial and spectral perturbations are introduced during train-
ing to enhance robustness to temporal noise. In addition, a
grid sparsity regularization is defined to suppress insignifi-
cant changes, and an IoU-matching algorithm is developed to
refine the CD results. Experiments on three benchmark CD
datasets demonstrate that the proposed S2C learning frame-
work achieves significant improvements in accuracy, surpass-
ing current state-of-the-art by over 31%, 9% and 23%, respec-
tively. It also demonstrates robustness and sample efficiency,
suitable for training and adaptation of various VFMs or back-
bone neural networks.

Code — https://github.com/DingLei14/S2C
Extended version — https://arxiv.org/abs/2502.12604

Introduction
Change detection (CD) in Remote Sensing (RS) is the pro-
cess of identifying and segmenting regions of change using
multi-temporal observations of the same geographic area.
Over the past decade, great advances have been achieved in
CD utilizing deep learning (DL) techniques. State-Of-The-
Art (SOTA) methodologies (Chen, Qi, and Shi 2021; Ding
et al. 2024) have obtained accuracy levels that exceed 90%
in the F1 metric in various benchmark datasets for CD. How-
ever, most majority of these DL-based CD methods require
large amounts of high-quality labeled data, which are diffi-
cult to collect due to the scarcity of change samples. Con-
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Figure 1: The major types of temporal noise in CD of
VHR RSIs include: (a) spectral variations, (b) insignificant
changes and (c) spatial misalignment.

sequently, the deployment of CD algorithms in real-world
applications still faces significant challenges.

To reduce dependence on training data, an increasing
number of studies have been conducted on unsupervised
change detection (UCD) in recent years(Ding et al. 2025).
However, most of these investigations focus on UCD of
medium-resolution RS images (Chen and Bruzzone 2021).
UCD of high-resolution RS images presents greater chal-
lenges to CD algorithms due to the increased spatial and
temporal complexity. Fig.1 illustrates several instances of
noise encountered in the CD of HR RS images, including:
i) spectral variations. This can be attributed to either sea-
sonal variations in vegetation or disparities in imaging sen-
sors and illumination conditions. ii) Insignificant changes.
In CD applications, only specific changes are of interest,
such as building changes in urban management and crop-
land changes in agriculture monitoring. Certain temporary
changes, such as the parked vehicles depicted in Fig.1(b),
are often deemed irrelevant noise. iii) Spatial misalignment.
This may arise from varying imaging angles, optical dis-
tortion, or errors in image registration. Consequently, deep
neural networks (DNNs) encounter significant challenges
in learning to differentiate between semantic changes and
temporal differences in an unsupervised manner. In recent
studies, contrastive learning (CL)(Sohn et al. 2020) and Vi-
sual Foundation Models (VFMs) (Kirillov et al. 2023) are
identified as two effective techniques to mitigate data de-
pendence in CD. The former leverages the intrinsic con-
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sistency within data, while the latter incorporates external
knowledge to learn generalizable semantic representations.
Advances have been achieved in semi-supervised CD of HR
RSIs leveraging CL (Yang et al. 2023; Chen and Bruzzone
2021) and VFMs (Ding et al. 2024; Zheng et al. 2024). How-
ever, UCD of HR RSIs using either CL or VFM remain
challenging due to the inherent spatio-temporal complex-
ity within this task. In CL-based CD, various studies follow
a consistency regularization framework(Sohn et al. 2020).
This approach significantly enhances the generalization and
robustness of feature representations, yet still requires a cer-
tain proportion of training data. VFM-based CD often em-
ploy VFMs, such as the Segment Anything Model (SAM)
(Kirillov et al. 2023), to exploit semantic features and de-
code change masks (Zheng et al. 2024). Nonetheless, a sig-
nificant domain gap exist between the training domains of
VFMs and RS images (Ji et al. 2024), adversely affecting
their recognition capabilities. Furthermore, accurate trans-
lation of semantic features into change maps still requires
certain degree of supervision.

In this article, we explore the integration of CL and VFM
to accomplish UCD in VHR RS images. It is observed that
these two methodologies effectively complement each other:
CL provides self-supervised training objectives essential for
adapting VFMs to the RS domain and for mapping the
changes. In contrast, VFMs embed pixel-level semantic rep-
resentations, a capability that is usually absent in typical CL
frameworks. Furthermore, we extend the existing CL frame-
works to incorporate the spatio-temporal correlations unique
to CD. The resulting methodologies have led to substantial
accuracy improvements over state-of-the-art (SOTA) meth-
ods. The major technical contributions in this study can be
summarized as follows:

1) Developing a UCD framework that explicitly models
unsupervised semantic changes. To the best of our knowl-
edge, the proposed S2C framework is the first to incorporate
VFM into CL for CD. It integrates multiple innovative de-
signs, including CL, VFM, Low-Rank Adaptation (LoRA),
and an IoU refinement algorithm.

2) Introducing two novel CL paradigms for CD:
Consistency-regularized Temporal Contrast (CTC) and
Consistency-regularized Spatial Contrast (CSC), to cap-
ture multi-temporal differences and consistency. CTC intro-
duces a triplet learning strategy to explicitly model semantic
changes, complementing prior work focused on similarities.

3) Proposing a grid sparsity regularization to promote
sparse and compact change mapping. It is executed at grid
scales to avoid training collapsion and ensure efficiency.

Related Work
Unsupervised Change Detection
Unsupervised CD poses great challenges to DL-based ap-
proaches due to the absence of explicit supervision(Liu et al.
2025). To address this challenge, three principal strategies
have been developed, including feature difference mapping,
generative representation, and knowledge transfer.

Difference mapping is an essential step in CD that trans-
forms deep features into change representations. Classic

methods for difference mapping include principal compo-
nent analysis (PCA) (Bruzzone and Prieto 2000; Gao et al.
2016), change vector analysis (CVA) (Saha, Bovolo, and
Bruzzone 2019; Wu et al. 2022), slow feature analysis (Wu,
Du, and Zhang 2014; Du et al. 2019), half-sibling regres-
sion (Kondmann et al. 2022), etc. Due to absence of explicit
supervision, some methods (Saha, Bovolo, and Bruzzone
2019) directly employ features extracted by deep neural net-
works (DNNs) (without fine-tuning), resulting in weak se-
mantic abstraction. Meanwhile, several works employ im-
age generation methods to reduce style differences between
multi-temporal observations, a strategy known as generative
transcoding. It enables CD between heterogeneous inputs
such as optical and synthetic aperture-radar (SAR) images
(Saha, Bovolo, and Bruzzone 2020). The frequently used
generative approaches include auto-encoder (Chen et al.
2022) and Generative Adversarial Networks (GANs) (Noh
et al. 2022). In (Wu, Du, and Zhang 2023) a generative
framework is introduced to iteratively optimize CD results.

Contrastive Learning
Contrastive Learning (CL), a type of self-supervision ap-
proaches, constructs and compares positive and negative
pairs to exploit the semantic consistency in unlabeled data.
An established paradigm of CL in visual recognition is
to introduce weak-to-strong perturbations, thus regularizing
DNNs to learn robust semantic representations (Sohn et al.
2020). These perturbations can be introduced into input im-
ages or embedded features (Yang et al. 2023).

In CD, bi-temporal images of the same/different regions
are often utilized to construct contrastive pairs. In (Chen
and Bruzzone 2021) a simple CL paradigm for CD is in-
troduced, where change pairs are constructed with cropped
RSIs at same vs. different locations. Differently, Bandara
et al. (Bandara and Patel 2022) introduce perturbations on
the bi-temporal difference features and perform consistency-
regularized CL. In (Mall, Hariharan, and Bala 2023) CL for
CD in long-term temporal observations is introduced.

Overall, CL is mostly utilized in semi-supervised CD
(Yang et al. 2023; Bandara and Patel 2022) and weakly-
supervised CD (Zhao et al. 2024) to leverage the sparse su-
pervision signals available. Literature methods on CL-based
UCD predominately exploit the temporal similarity embed-
dings (Chen and Bruzzone 2021), yet there exists a notable
gap in exploration of temporal difference embeddings. In
this study, we investigate the joint exploitation of temporal
consistency and difference embeddings with CL.

VFM-Based Change Detection
In recent years, there is a trend towards developing Vi-
sual Foundation Models (VFMs), such as CLIP (Radford
et al. 2021) and Segment Anything Model (SAM) (Kirillov
et al. 2023), to acquire comprehensive recognition capa-
bilities. VFMs are trained on web-scale image datasets to
capture universal features applicable to various tasks. How-
ever, since the VFMs are mostly trained in common natural
scenes, they demonstrate bias when applied to recognition of
RS images (Ji et al. 2024). Considering the spectral and tem-
poral characteristics of RSIs, several RS foundation models
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Figure 2: Overview of the proposed S2C framework for UCD. Triplet losses are calculated with bitemporal images and their
augmented copies to learn temporal differences; discriminative losses are calculated between bitemporal images of different
regions to learn temporal consistency. Random perturbations are introduced to simulate the spectral and spatial variations.

(FMs) have been developed, including SpectralGPT (Hong
et al. 2024) and SkySense (Guo et al. 2024). However, em-
ploying these models for CD still necessitates incorporating
and fine-tuning CD-specific modules.

Recent paradigms explore employing VFMs to achieve
sample-efficient CD. SAM-CD(Ding et al. 2024) first adapt
VFMs to CD of RS images, obtains superior accuracy over
fully-supervised CD methods and demonstrates label effi-
ciency in the training. In (Wang, Zhang, and Shi 2023), SAM
is utilized to generate pseudo labels, using vague change
maps as prompts. Chen at el. (Chen, Song, and Yokoya
2024) employ SAM to achieve unsupervised CD between
optical images and map data. In (Zheng et al. 2024), zero-
shot CD is achieved by measuring the similarity of SAM-
encoded features. In (Dong et al. 2024) CLIP is employed to
learn visual language representations to improve CD accu-
racy. Recently, Li et al. propose an I-M-C framework utiliz-
ing VFMs to achieve Open-Vocabulary CD (Li et al. 2025).

Despite these previous works leveraging VFM for CD,
UCD on VHR RSIs is still challenging and the SOTA ac-
curacy is limited. In this research, we explore VFM-based
UCD by incorporating CL to replace explicit supervision.

Proposed Approach
Overview of the S2C framework
DL-based CD essentially learns to project multi-temporal
RS images I1, I2 into a binary change map yc. Let fθ de-
note an encoding function parameterized by θ, and g being

a projection function, this process can be formulated as:

y1 = fθ(I1),y2 = fθ(I2),yc = g(y1,y2) (1)

where y1,y2 ∈ Rs×h×w are embedded semantic latent.
The proposed S2C architecture, depicted in Fig.2, is

a UCD framework that initially conducts self-supervised
CL to exploit task-specific semantic features. Subsequently,
these semantic representations are translated into CD results
through projecting and refinement algorithms. Although this
framework can train DNNs from scratch, using VFM as fea-
ture encoders imperatively leads to better accuracy. There-
fore, we fine-tune a VFM with additional parameters w in-
troduced to adapt it to the RS domain. We adopt the LoRA
(Hu et al. 2022) (with rank = 4) to learn to adapt the VFM
parameters, which correspond to the encoding function of
fθ+w. The VFM can be any off-the-shelf models, as its in-
ner structure is not modified in our S2C framework (see ab-
lation on different VFMs in Sec.). In the training phase, θ is
frozen to retain the pre-trained visual knowledge, while w
are the LoRA weights trained with CL paradigms to exploit
temporal semantic features.

The training process is conducted within two CL
paradigms to learn the semantic representations relevant to
CD. Two CL paradigms are introduced to embed differ-
ence and consistency representations, respectively, which
are elaborated in Experiments. The associated loss func-
tions are Ltri and Linfo, respectively. In addition, we further
introduce a compactness regularization objective to learn
sparse and compact change representations, noted as Lspa.
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Figure 3: Comparison on CL paradigms in CD. (a) Consistency regularization: fθ extracts stable representations
across weak/strong perturbations; (b) Spatial contrast: fθ distinguishes same/different regions; (c) Proposed Consistency-
regularized Temporal Contrast (CTC): fθ identifies temporal differences independent of appearance variations, and (d) Pro-
posed Consistency-regularized Spatial Contrast (CSC): fθ distinguishes same/different regions despite perturbations.

The joint training objective is:

L = Ltri + αLinfo + βLspa (2)

where α and β are two weighting parameters.
In the inference phase, the semantic latent y1 and y2 are

first mapped into a coarse change map, then refined using the
VFM decoder and an IoU matching function. The details are
elaborated in Supplementary Materials.

Contrastive Change Learning
Before introducing the proposed CL paradigms, let us first
review the two typical CL paradigms in CD, and analyze
their usage and limitations.

1) Consistency regularization (CR). As depicted in
Fig.3(a), a DNN fθ learns more robust and generalizable
feature representations. An image I is first augmented with
weak and strong transformations, resulting in two copies Ĩ
and Ī . Then a distance loss is calculated between the two
copies to ensure consistency across perturbations.

Since this learning paradigm does not explicitly model
differences/similarities, it is often adopted in semi-
supervised (Bandara and Patel 2022) or weakly supervised
(Zhao et al. 2024) learning settings to extend the CD insights
learned with limited samples.

2) Spatial contrast (SC). As illustrated in Fig.3(b), fθ
learns to differentiate between bitemporal image pairs
[Ii1, I

i
2] of the same region i and [Ii1, I

j
2 ] of different regions i

and j. This drives fθ to learn consistent embeddings against
temporal variations. Areas with high similarity are identi-
fied as unchange, whereas their opposites are detected as
change (Chen and Bruzzone 2021).

However, we identify several limitations in this paradigm:
i) Changes are identified through negative embedding of
similarities rather than through explicit modeling. This of-
ten causes sensitivity to noise. ii) fθ focus on discriminative
elements within a region, such as certain edges or corners,
rather than effectively exploiting the local semantic context.

Considering these limitations, we subsequently introduce
two innovative CL paradigms specifically tailored to the
context of CD.

Consistency-regularized Temporal Contrast (CTC).
An RS image I1 is first augmented with a transform func-
tion ϕ(·), producing a copy Ī1. Subsequently, I1 is employed
as an anchor for comparison with both a positive sample Ī1
and a negative sample I2. ϕ(·) simulates spectral and spatial
noise between multi-temporal observations, as illustrated in
Fig.1. Consequently, fθ learns to exploit noise-invariant dif-
ference representations, i.e., semantic changes.

With greater details, Fig.2 illustrates the CTC paradigm
with bi-directional comparisons within [I1, Ī1, I2] and
[I2, Ī2, I1]. The transformation function ϕ(·) comprises a
series of spatial and spectral augmentations executed ran-
domly at each training iteration, including random shift-
ing, down-sampling, RGBshift, and a PCA adaptation which
adapts the spectral distribution of the positive sample to ap-
proach that of the negative sample. The spatial operations
are performed to simulate spatial misalignment and imaging
degradation/distortion, while the spectral operations repli-
cate imaging and seasonal variations. Collectively, these
transformations enhance the algorithm’s robustness against
temporal noise.

A triplet training objective Ltri using cosine distance is
utilized for comparisons within the triplets. This is to align
with the cosine difference embedding during the inference
stage. The calculations are as follows:

Ltri = max[cos(y1,y2)− cos(y1, ȳ1) +m, 0]

+max[cos(y2,y1)− cos(y2, ȳ2) +m, 0]
(3)

where m = 1 is a margin parameter to promote separation
between the anchor and positive.

Consistency-regularized Spatial Contrast (CSC). This
contrastive learning paradigm integrates CR into typical SC
learning, thereby enhancing the embedding of spatial consis-
tency against perturbations. CSC alleviates the vulnerability
to noise inherent in the SC paradigm by incorporating trans-
formation ϕ(·). The transformations, particularly the spatial
transformations, reduce dependence on high-frequency spa-
tial details, thereby necessitating the exploitation of local se-
mantic contexts (such as color and texture patterns).

We have introduced an additional variation in CSC,
i.e., the calculation of consistency at each spatial posi-
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tion. Given a batch consisting of N paired RS images
{[Ii1, Ii2], [I

j
1 , I

j
2 ], ..., [I

k
1 , I

k
2 ]}, we first apply ϕ(·) on each of

the temporal images, thus getting two sets of augmented im-
ages. These images are further encoded with fθ+w, result-
ing in 4 sets of features: [yi

1,y
j
1, ...,y

k
1 ], [y

i
2,y

j
2, ...,y

k
2 ],

[ȳi
1, ȳ

j
1, ..., ȳ

k
1 ] and [ȳi

2, ȳ
j
2, ..., ȳ

k
2 ]. We then calculate the

co-occurrences between them, resulting in two matrices
each with N × N dimensions, as illustrated in Fig.3. We
utilize an infoNCE loss function to effectively train fθ+w to
differentiate genuine image pairs. It is calculated across both
temporal phases, represented as:

Linfo = − 1

N

N∑
u=1

log

[
exp (yu

1 ⊙ ȳu
2 )∑N

v=1 exp (y
u
1 ⊙ ȳv

2)

]

− 1

N

N∑
u=1

log

[
exp (yu

2 ⊙ ȳu
1 )∑N

v=1 exp (y
u
2 ⊙ ȳv

1)

] (4)

where ⊙ denotes a novel similarity measurement function
that we introduce in this study. Instead of pooling the spatial
features into single vectors for similarity calculation (Chen
and Bruzzone 2021), we compute the similarity at each spa-
tial position p, denoted as:

y ⊙ ȳ =
1

w × h

∑
p

(
yp · ȳp

|yp||ȳp|

)
(5)

Both Ltri and Linfo are calculated based on cosine similar-
ity. While Ltri embeds appearance-invariant temporal dif-
ferences, Linfo embeds noise-resilient temporal consisten-
cies. Therefore, when certain temporal consistency patterns
are captured in CSC, it suppresses the difference representa-
tions of a same area in CTC.

Grid Sparsity loss
Changed items are commonly sparsely distributed in RS im-
ages, each manifested as a compact segment. In contrast,
edges and points are often noise. Although training objec-
tives that promote sparse representations have been explored
in the literature, they typically calculate and penalize the av-
erage value of yc (Bandara and Patel 2023). However, this
approach does not guarantee sparsity, as there exists a trivial
solution to learn an additional bias term on yc.

Differently, we propose a novel grid sparsity loss where
sparsity is assessed at the level of each local grid rather than
at each pixel. Considering the frequency of changes along
with the spatial resolution in an RS image, we first define a
sparsity threshold T and a grid size d. Subsequently, the av-
erage density of each grid g is calculated and ranked, while
a 1 − T ratio of grids with the lowest density is selected for
loss calculation.

yg =
1

d ∗ d
∑
p∈g

yp
c , n = wh ∗ (1− T )/d2,

Lspa = max{ 1
n

n∑
[sort ↑ (yg)], 0}

(6)

where we empirically set d = 16 for VHR RS images, and
using T = 0.2 for data with sparse changes. This objective

ensures that less than a 1−T proportion of potential changes
exhibit high values, whereas the insignificant change repre-
sentations in other areas are minimized.

Change mapping
In the training phase, VFM and CL are employed to enhance
exploitation of semantic contexts across multi-temporal im-
age domains. During inference, the major challenge lies
in accurately mapping fine-grained changes. We employ a
coarse-to-fine refinement strategy. First, a coarse change
probability map yc is derived by projecting the negative co-
sine embedding of the bi-temporal semantic embeddings:

yc = σ[−cos(y1,y2) ∗ η] (7)

where σ is a sigmoid function, η = ln(1/0.07) is a scaling
factor defined following literature practice.

Then, we employ a pretrained VFM decoder gγ
to segment two groups of bi-temporal masks M1 =
{m1

1,m
2
1, ...,m

k
1} and {M2 = m1

2,m
2
2, ...,m

k
2} using the

spatial prompts generated on high-response regions in yc.
Given the logic implication of change, high-overlap objects
in M1 and M2 can be inferred as false alarms. Therefore,
we conduct an XOR-alike matching algorithm (denoted ⊕)
to merge M1,M2 and eliminate the overlaps:

M12 = M1 ⊕M2 (8)

We further implement an Intersection-over-Union (IoU)
analysis between yc and M12 to match the VFM-generated
masks with the high-confidence regions in yc. The matched
objects replace their counterparts in yc as the changed items.
This refines the coarse change masks with the VFM decoded
change instances with refined spatial details. For more de-
tails, readers are encouraged to find the relevant implemen-
tations that will be made available online.

Experiments
Datasets and Evaluation Metrics

Datasets Platform Resolution Image size Data Size Change Type
CLCD satellite 0.5-2m 512×512 600 agricultural

SECOND aerial 0.5-3m 512×512 4,662 land cover
Levir satellite 0.5m 1024×1024 637 building

Table 1: Statistical summary of the experimental datasets.

To test the efficacy of the proposed methodologies, exper-
iments are conducted on three benchmark datasets with var-
ied data distributions and semantic annotations, i.e., CLCD
(Liu et al. 2022), SECOND (binary) (Yang et al. 2022) and
Levir (Chen and Shi 2020). Table 1 presents an overview of
each dataset. Since the experimental methods are unsuper-
vised, we do not use any label within the train set. Notably,
the Levir dataset focuses solely on building changes, while
CLCD and SECOND encompass various type of changes.
Its larger spatial size and sparser change instances make it
more challenging in the context of UCD.

We adopt the most commonly used metrics in binary CD,
including Overall accuracy (OA), Precision (Pre), Recall
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Methods Backbone Accuracy (%)
OA Pre Rec F1

effi.SAM + CVA effi.SAM (vit-t) 61.24 13.90 81.01 23.73
effi.SAM + SC effi.SAM (vit-t) 92.23 45.76 24.07 31.55
S2C (CSC only) effi.SAM (vit-t) 90.93 36.55 29.81 32.84
S2C (CTC only) effi.SAM (vit-t) 85.98 28.25 57.40 37.86
S2C (CSC + Lspa) effi.SAM (vit-t) 89.71 33.35 38.33 35.67
S2C (CTC + Lspa) effi.SAM (vit-t) 91.06 39.52 38.03 38.76
S2C (CSC + CTC) effi.SAM (vit-t) 87.35 31.01 57.12 40.19
S2C effi.SAM (vit-t) 90.57 39.04 47.65 42.92
S2C effi.SAM (vit-s) 89.58 37.51 60.21 46.22
S2C + IoU refine effi.SAM (vit-s) 91.47 43.85 52.28 47.69
S2C (w/o. VFM) ResNet18 87.75 26.80 37.34 31.21
S2C (w/o. VFM) ResNet34 86.28 28.41 55.56 37.60
S2C fastSAM 86.65 24.71 38.81 17.78
S2C effi.SAM (vit-t) 90.57 39.04 47.65 42.92
S2C effi.SAM (vit-s) 89.58 37.51 60.21 46.22
S2C Dino-v2 (vit-b) 93.44 55.37 61.17 58.12
S2C + IoU refine Dino-v2 (vit-b) 93.75 57.68 60.07 58.85

Table 2: Quantitative results of ablation study (CLCD).

(Rec) and F1 score (Ding et al. 2024; Chen et al. 2023). Pre
indicates the ratio of true positives among classified posi-
tives, while Rec is the measure of identifying true positives.
F1 is the harmonic mean of Pre and Rec.

Implementation Details
The training of S2C is performed using cropped images of
512 × 512 pixels over 10 epochs. The trained weights with
highest accuracy on the validation set is saved for subse-
quent test evaluation. The training batch size depends on the
backbone to fit in GPU memory, usually exceeding 12 in our
implementation. The learning rate is initially set to 0.01, and
is exponentially decayed with an factor of 1.5. The optimiza-
tion algorithm is the Stochastic Gradient Descent with Nes-
terov momentum. The weighting parameters in Eq.2 are set
to α = 0.2, β = 1, while α can be adjusted across datasets
to balance Ltri and Linfo in training dynamics.

Ablation Study
Quantitative Evaluation. An ablation study is conducted
through cumulative integration of the proposed methodolo-
gies, including the CTC, CSC, Lspa in Eq.6, and IoU match-
ing and refinement (IoU refine). Given that the proposed S2C
employs both VFM and CL, an intuitive baseline is to com-
bine these two techniques. However, VFM alone is not ca-
pable for UCD, and there is no existing literature approach
(to the best of our knowledge) that integrate CL with VFM
for CD. Therefore, we implement these two baselines for
comparison: i) applying CVA and clustering on the VFM-
encoded semantic features for CD following the practice in
(Zheng et al. 2024), and ii) conducting CS-based CL using
the VFM features. These ablation experiments are evaluated
using efficient-SAM (vit-t) (Xiong et al. 2024), an efficient
variant of SAM (Kirillov et al. 2023).

The quantitative results are presented in Table 2. As indi-
cated by the results of eff.SAM + CVA, direct change analy-
sis on VFM features leads to suboptimal accuracy. By con-
trast, integrating VFM with SC-based CL demonstrates im-
proved accuracy. The proposed CTC and CSC further sur-
passes SC-based CL paradigm. It is worth noting that the

CTC alone outperforms both SC and CSC by a large mar-
gin, establishing it as an effective CL paradigm for UCD.
Meanwhile, Lspa also exhibits notable effectiveness. Its ad-
dition on each CL paradigm results in an enhancement of
average 2% in F1. Adding CSC improves the robustness of
CTC against temporal noise, leading to an increase of over
3% in F1. The refining algorithm substantially enhances the
precision of the results, resulting in an increase of 1.47% in
F1 and approximately 2% in OA.

S2C with different backbones. While S2C is introduced
as a methodology that integrates CL and VFM, the core tech-
nique employed is a UCD framework, which is adaptable for
other types of DNNs. Table 2 also presents an evaluation
of S2C utilizing various different backbones, including a
vanilla ResNet (He et al. 2016) and several other VFMs. Sur-
prisingly, implementing S2C with a naive ResNet34 back-
bone still yields considerably high accuracy. This confirms
its efficacy as a general framework for UCD.

Compared to vanilla DNNs, integrating VFMs in S2C
greatly improves its Pre. Intuitively, the rich semantic con-
texts inherent to VFMs can facilitate the discrimination of
semantic changes. The tested VFMs include fastSAM (Zhao
et al. 2023), efficient SAM (Xiong et al. 2024) and Dino-
v2(Oquab et al. 2023). The obtained metrics indicates that
employing Dino-v2 results in the highest accuracy, with
an advantage of approximately 12% compared to the other
backbones. Therefore, Dino-v2 is selected as the S2C back-
bone in the subsequent experiments.

Qualitative Assessment. In Fig.4 we present some exam-
ples of the CD results obtained using different techniques.
These results are selected in the 3 datasets covering different
scenes, including (a) cropland, (b) countryside, (c) factories
and (d) residential block. One can observe that using either
CSC or CTC alone leads to much noise, while their collab-
orative employment greatly reduces false alarms. The grid
sparsity generalization further removes much insignificant
change representations and leads to smoothed segments. Af-
ter the post-processing of IoU refinement, binary CD results
matching the object boundaries are produced.

Comparative Experiments
We conduct acomparative experiments with the SOTA meth-
ods for UCD, including several non-DL methods based on
difference analysis: CVA (Bruzzone and Prieto 2000), ISFA
(Wu, Du, and Zhang 2014), DCVA (Saha, Bovolo, and Bruz-
zone 2019), DSFA (Du et al. 2019), KPCA-MNet (Wu
et al. 2022) and SiROC (Kondmann et al. 2022). In ad-
dition, we also compare generative methods CDRL (Noh
et al. 2022) and FCD-GAN(Wu, Du, and Zhang 2023), an
augmentation-based method I3PE (Chen et al. 2023) and a
recent VFM-based method AnyChange (Zheng et al. 2024).
SAM-CD(Ding et al. 2024) is also included in the compari-
son, representing the SOTA accuracy of supervised CD.

In Table.3 the quantitative results are presented. Among
the difference analysis-based methods, DCVA (Saha, Bo-
volo, and Bruzzone 2019) exhibits a notable advantage. It
obtains the highest Rec on the CLCD and the highest Pre
on the CLCD and SECOND. Among the methods presented
in the recent literature, I3PE achieves a stable high accu-
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Figure 4: Example results obtained with different methods in the ablation study.

Methods References CLCD SECOND Levir
OA Pre Rec F1 OA Pre Rec F1 OA Pre Rec F1

SAM-CD TGRS 2024 96.26 73.01 78.84 75.81 88.56 73.32 66.00 69.47 99.17 92.62 91.04 91.82
CVA TGRS 2000 71.01 8.49 29.62 13.20 59.17 20.55 37.34 26.51 66.50 5.80 36.59 10.02
ISFA TGRS 2014 74.37 8.60 25.39 12.85 60.23 20.13 34.24 25.35 69.32 6.03 34.45 10.27

DCVA TGRS 2019 53.91 11.35 76.26 19.76 55.51 25.63 66.07 36.93 48.28 7.20 76.94 13.16
DSFA TGRS 2019 52.09 8.53 55.94 14.80 48.10 19.06 50.28 27.65 60.29 5.99 46.22 10.60
KPCA TCYB 2022 53.47 13.84 44.52 21.11 54.69 20.44 44.87 28.09 54.97 5.61 49.52 10.08
CDRL CVPR 2022 64.74 7.75 34.27 12.64 62.65 37.78 22.90 28.51 62.59 5.32 37.74 9.32
SiROC TGRS 2022 82.38 18.93 41.65 26.03 69.80 27.92 33.59 30.49 64.82 7.38 51.14 12.90

I3PE ISPRS 2023 91.12 32.42 17.79 22.97 74.09 34.53 35.03 34.78 91.03 17.39 20.31 18.74
FCD-GAN TPAMI 2023 83.93 22.06 45.79 29.77 68.36 29.47 43.41 35.11 83.42 8.87 24.29 12.99

AnyChange NeurIPS 2024 - - - - - 30.5 83.2 44.6 - 13.3 85.0 23.0
S2C-Dinov2 proposed 93.95 59.04 61.24 60.12 84.55 67.15 42.41 51.99 89.28 29.42 78.88 42.86

S2C + IoU Refine proposed 94.46 63.82 59.12 61.38 84.45 64.91 46.02 53.86 92.84 34.85 70.69 46.69

Table 3: Quantitative accuracy (%) evaluation of the proposed S2C and SOTA UCD methods on various benchmark datasets.

racy in the three datasets. AnyChange (Zheng et al. 2024), a
training-free approach of leveraging VFM for CD, achieves
the highest Rec on two datasets. However, it obtains a rel-
atively low Pre, suggesting a considerable percentage of
false alarms present in its results.

The proposed S2C yields substantial and consistent ccu-
racy improvements over the SOTA. The preliminary predic-
tions generated by S2C lead to a significant enhancement
exceeding 30% on the CLCD dataset and approaching 20%
on the Levir dataset. The subsequent post-processing stage,
which integrates IoU refinement, further optimizes the trade-
off between Pre and Rec. The improvements of S2C over
the SOTA methods, after refinement, are quantified as 31%,
9%, and 23% in F1 for the respective datasets. The proposed
S2C also significantly reduces the accuracy gap with fully
supervised methods, as shown by reductions of 14% and
16% in F1 on the CLCD and SECOND, respectively.

Conclusions

This study formulates a CL framework to explicitly model
unsupervised learning of semantic changes in VHR RS im-
ages. To address the challenges including spectral variations
and spatial misalignment in CD of VHR RS images, two
consistency-regularized CL paradigms, i.e., the CSC and
CTC, are developed. Notably, the CTC paradigm presents an
innovative multi-temporal triplet learning strategy to address
the existing gap in explicit difference learning. In addition,
several novel techniques are developed to translate the VFM
semantics into CD results, including grid sparsity regular-
ization, negative cosine embedding of changes, and an IoU
refinement algorithm. The developed CL framework, S2C,
exhibits notable superiority over SOTA methods, as eval-
uated on three CD benchmark datasets. Future studies are
recommended to extend the S2C to more challenging UCD
tasks, such as semantic CD and multimodal CD.
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