Towards Generalizable Scene Change Detection

Supplementary Material

1. ChangeVPR Dataset

The meticulously annotated ChangeVPR dataset is de-
signed to evaluate the robustness and generalizability of
scene change detection models. It covers a diverse range of
environments with challenging scenarios—significantly ex-
panding the traditional urban or synthetic-only SCD scope.
We source the images from three widely used visual place
recognition datasets with different environmental character-
istics: SF-XL [2] (urban), St Lucia [18] (suburban), and
Nordland [24] (rural) dataset (see Fig. 1). The detailed de-
scriptions of each split are as follows:

» SF-XL is a vast dataset covering San Francisco, with over
41M images collected from Google Street View. The tem-
poral distribution of the dataset ranges from 2007 to 2020.
We quantize the whole dataset using classification strat-
egy [2] and carefully select two bi-temporal images from
quantized cells for query and reference. Following [2], we
consider two bi-temporal images to be of the same place
(same class) if they are located in the same geographical
cell (a cell with a side of 10 meters) and their heading
difference is less than 30 degrees.

» St Lucia features video recordings from a car-mounted
camera, capturing multiple drives through the St Lucia
suburb of Brisbane. Following [3], among nine available
drives, we use the first drive as a query and the last as
reference sets. Since there are no heading labels for the
image, we carefully select image pairs after sampling two
bi-temporal images with a UTM distance of less than 10
meters.

* Nordland captures a train journey through the Norwegian
countryside, capturing the same route across four seasons
with frames extracted at 1 FPS. Following previous VPR
works [11, 12], which use the winter traverse as queries
and summer as a database, we adopt winter traverse as a
query and summer as a reference. Since no heading labels
exist, we follow the same process in the St Lucia split.

We manually labeled the ground-truth for scene changes,
providing it as a binary image, matching the size of the in-
put image pairs of resolution 512x512. In this binary im-
age, each pixel value indicates whether a change occurred
at the corresponding point between the bi-temporal images.
Following the convention [1, 22], we define scene changes
as both 2D surface alterations (e.g., changes to advertising
boards) and 3D structural modifications (e.g., the appear-
ance or disappearance of buildings, vehicles, trash bins, and
pedestrians). Finally, the ChangeVPR dataset contains the
binary change masks Cyp, Cy1 and the intersection change
mask Cy¢1, respectively.

Figure 1. Examples of ChangeVPR dataset. (Top) SF-XL. (Mid-
dle) St Lucia. (Bottom) Nordland. Each row of the splits repre-
sents a query, reference, and ground-truth mask.

2. Implementation Details
2.1. Hyperparameters of GeSCF

To ensure general applicability and consistent performance
on real-world applications, we uniformly set the SAM pa-



. VL-CMU-CD TSUNAMI ChangeSim
Method Training Avg.
t0—tl t1—t0 TC t0—tl t1—t0 TC t0—tl t1—t0 TC
SimSaC VL-CMU-CDf 75.5 423 0.39 32.0 419 0.27 53.5 322 0.24 46.2
ChangeSimf 74.1 17.7 0.12 17.7 20.6 0.13 62.3 37.3 0.29 38.2
GeSCF (Ours) Zero-shot 75.4 75.4 1.0 72.8 72.8 1.0 54.8 54.8 1.0 67.7

Table 1. Quantitative results of SimSaC on standard SCD datasets. | indicates that an additional Synthetic [21] dataset is used for

training.

Method Training SE-XL (U) St Lucia (S) Nordland (R) Ave.
t0—tl t1—t0 TC t0—tl t1—t0 TC t0—tl t1—t0 TC

SimSaC VL-CMU-CD? 56.3 55.0 0.31 512 51.8 0.32 28.1 25.5 0.25 44.7

ChangeSim’ 443 40.5 0.12 343 36.7 0.04 19.4 17.5 0.05 32.1

GeSCF (Ours) Zero-shot 71.2 71.2 1.0 62.1 62.1 1.0 59.0 59.0 1.0 64.1

Table 2. Quantitative results of SimSaC on ChangeVPR dataset. | indicates that an additional Synthetic [21] dataset is used for training.

Method Training VL-CMU-CD TSUNAMI ChangeSim Ave,
t0—tl t1—t0 TC t0—tl t1—t0 TC t0—tl t1—t0 TC

C-3PO 774 45 002 56 194 002 255 136 009 243

C-3PO* VL-CMU-CD 590 590 1.0 5.1 5.1 0 172 172 10 271

GeSCF (Ours) Zero-shot 754 754 10 728 728 10 548 548 1.0 677

Table 3. Quantitative results of C-3PO variants on VL-CMU-CD dataset. * indicates the (I+A+D+E) structure; otherwise, the (I+D)

structure for C-3PO.

rameters for all configurations, including the standard SCD
datasets and our ChangeVPR dataset. Specifically, we em-
ploy SAM ViT-H with a point per side of 32, an NMS
threshold of 0.7, a predicted IoU threshold of 0.7, and a
stability score threshold of 0.7. For the adaptive threshold
function in GeSCF, we adopt b,=0.05 and s,=0.1 for right-
skewed distributions (y>0.2), and b,=0.7 and s,=1.0 for
left-skewed distributions (y<—0.2). For moderate distribu-
tions (—0.2<v<0.2), we employ the z-score method with a
z-value of —0.52. Further, we intercept key facets from the
17th layer of the SAM ViT-H encoder. In the Geometric-
Semantic Mask Matching module, we set a; to 0.65 and
change confidence score to 0.88. We conduct a linear search
on a small validation set sampled from the VL-CMU-CD
training set to find the optimal hyperparameters. Impor-
tantly, after setting these hyperparameters, GeSCF requires
no further tuning for specific datasets——the same hyperpa-
rameters are used consistently across all settings.

2.2. Adaptor Networks

In the absence of SAM-based baselines, we have meticu-
lously constructed various adaptor networks based on rel-
evant literature for ablation. As change detection necessi-
tates processing bi-temporal features, adaptor [27] networks
are commonly used when leveraging foundation models—
which usually take single-image inputs—in the CD domain
[7, 17]. To demonstrate our effectiveness of GeSCF in
SAM’s feature utilization for generalizability through ab-

lation studies, we configured several adaptor networks on
the frozen SAM ViT-H image encoder with three prominent
feature processing modules in SCD: Correlation layers [8],
CHVA [4], and feature merging modules [25]. Specifically,
following [7], we intercept four image embeddings at differ-
ent ViT blocks to obtain local and global features from the
SAM ViT image encoder [10]. We evenly select features
after the global attention layers of the SAM image encoder
[13]; for the ViT-H model, these are the outputs of the 7th,
15th, 23rd, and 31st blocks output for the 32 blocks in to-
tal. The intercepted features are then interpolated to form
a multi-scale feature pyramid, which is input to the feature
processing modules. The processed image features are sub-
sequently fed to a decoder network, following the configu-
rations in [4, 23, 25]. As shown in the manuscript, lever-
aging SAM with learnable adapters significantly degrades
generalizability, since the current SCD datasets are not rep-
resentative enough to cover diverse real-world changes.

3. More Experiments
3.1. More Quantitative Comparisons

Comparison with SimSaC. In Tabs. | and 2, we pro-
vide additional comparison results between our GeSCF and
SimSaC [21]. We were unable to perform full assess-
ments due to the incomplete release of the necessary code
and the Synthetic dataset [21] required for model train-
ing. Instead, we leveraged the pre-trained models avail-
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Figure 2. Comparative analysis of GeSCF performance using various facets and layers across standard SCD datasets (VL-CMU-
CD [1], TSUNAMI [22], and ChangeSim [20]) and the ChangeVPR dataset. The key facet from the intermediate layer achieves the
best performance among other choices, highlighting that our facet and layer selection is quantitatively a reasonable design choice.

SCD Datasets ChangeVPR

Backbone

F1-score mloU F1-score mloU
DINOvV2 (ViT-B) 60.8 43.6 50.7 32.8
SAM (ViT-B) 61.5 429 53.0 344
DINOV2 (ViT-L) 62.3 453 50.9 359
SAM (ViT-L) 64.8 47.6 59.4 40.4
SAM (ViT-H) 67.7 51.3 64.1 46.3

Table 4. Performance comparison of GeSCF using different
ViT backbones. We maintain the default GeSCF configuration,
modifying only the backbone during the initial pseudo-mask gen-
eration and semantic similarity matching processes.

able on VL-CMU-CD [1] and ChangeSim [20], along with
the Synthetic dataset [21] accessible from the official web-
site. The results align with those presented in the main pa-
per, demonstrating that our GeSCF shows superior robust-
ness on unseen domains and achieves comparable perfor-
mance on seen domains, all while ensuring complete tem-
poral consistency. Overall, our GeSCF surpasses SimSaC
with an exceptional margin, achieving an average improve-
ment of 21.5% on standard SCD datasets and 19.4% on the
ChangeVPR dataset.

Comparison with C-3PO Variant. C-3PO [25] introduces
a series of model variants, each incorporating an induc-
tive bias tailored to specific training domains. For exam-
ple, the (I+D) structure is utilized for the VL-CMU-CD
dataset, whereas the (I+A+D+E) structure is employed for
the TSUNAMI and ChangeSim datasets. However, apply-
ing models with the appropriate prior knowledge in real-
world scenarios remains challenging, as it extends beyond
the well-explored research datasets. The discrepancy be-
tween the model’s built-in assumptions and the application
domain can result in suboptimal performance (see Tab. 3).
Notably, the performance of C-3PO (I+A+D+E) on the VL-
CMU-CD dataset is significantly hindered due to the incor-

rect assumption, even though it maintains complete tem-
poral consistency. In contrast, our GeSCF provides a ro-
bust and unified framework that consistently performs well,
maintaining temporal consistency across diverse applica-
tion domains.

3.2. More Qualitative Evaluations

We present extensive results that demonstrate the effective-
ness of our approach across various change scenarios in
both seen and unseen domains (see Figs. 3 and 4). Unlike
conventional SCD methods, which are confined to detect-
ing changes within specific training datasets, our GeSCF
captures changes across diverse environments without re-
quiring SCD supervision. Moreover, GeSCF accurately de-
tects meaningful changes beyond dataset biases, achieving
performance comparable to or surpassing other supervised
in-domain baselines. This capability addresses the long-
standing issue of dataset dependency in the SCD field—
establishing a robust foundation for a truly applicable and
versatile anything SCD.

3.3. Exploring Design Choices in GeSCF

Our GeSCF builds upon the Segment Anything Model [14]
(SAM) leveraging the intermediate key facets of SAM ViT
image encoder during the initial pseudo-mask generation
process, and utilizes the final mask embeddings for the Se-
mantic Similarity Matching (SSM). To validate these design
choices, we conduct comprehensive ablation studies.

Key Facets from the Intermediate Layer. As explained in
the main paper, we chose to use key facets of the intermedi-
ate layer for the multi-head feature correlation and generate
initial pseudo-masks. As we will see here, this choice pro-
vides the best change detection performance among other
alternatives (see Fig. 2). While all facets perform best in the
intermediate layer, the key facet outperforms the query and
value facets in the F1-score. Specifically, on standard SCD
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Figure 3. More qualitative examples on the seen domain (standard SCD datasets). Although GeSCF does not learn dataset biases, it
can accurately segment meaningful changes with comparable performance or even better than other in-domain baselines. Moreover, our
GeSCF can effectively segment unannotated semantic changes highlighted with yellow bounding boxes.
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Figure 4. More qualitative examples on the unseen domain (ChangeVPR). Our GeSCF produces accurate and sharp masks with
exceptional generalizability, capturing changes across diverse and challenging scenarios more effectively than other existing baselines.



Initial Intermediate Last

Figure 5. Cosine similarity between bi-temporal mask embed-
dings depending on the layer. The object-level semantic differ-
ence is more pronounced in the last layer compared to the initial
and intermediate layers.

SCD Datasets ChangeVPR

Layer Score

F1-score mloU Fl-score mloU
Initial 0.88 61.1 435 61.2 424
Intermed. : 67.3 51.0 63.8 46.0
Last 0.72 65.5 479 63.0 44.7
Last 0.95 66.7 50.0 63.3 452
Last 0.88 67.7 51.3 64.1 46.3

Table 5. Performance comparison of GeSCF using different
mask embedding layers and change confidence score in seman-
tic similarity matching.

Perturbation Scale

Method Training  Resolu. Avg
0% 5% 15% 25%

e BT m el

CSINE n- i . . . . R

DR-TANgt [m-domain 256x256 I 97 683 670 687

C-3PO 728 722 719 711 720

GeSCF  zero-shot  256x256 749 742 728 714 733

Table 6. Quantitative comparison (F1-score) on VL-CMU-CD.

CDnet 2014
Bus Tram Boats

in-domain 0.79 0.75 0.88 0.81
zero-shot 0.80 0.81 0.86 0.82

Method

3DCD [16]
GeSCl<l

Table 7. Quantitative comparison (F1-score) on CDnet 2014.

Training Avg.

datasets, the key facet attains an Fl-score of 67.7%, which
is 1.5% higher than the query facet (66.2%) and 3.3% higher
than the value facet (64.4%). Similarly, on the Change VPR
dataset, utilizing the key facet results in an Fl-score of
64.1%, outperforming the query facet by 1.5% (62.6%) and
the value facet by 5.6% (58.5%). These results emphasize
that our selection strategy is quantitatively a well-justified
choice.

Different ViT Backbones. We incorporate various ViT
backbones of different sizes from SAM and DINOv2 [19]
(see Tab. 4). The results show that ViTs of SAM vari-
ants outperform their DINOv2 counterparts and larger ViT

Ground-truth

Input KPCA-MNet GeSCF

Figure 6. Qualitative results of GeSCF on the SECOND (test)
benchmark. Our GeSCF can also perform zero-shot remote sens-
ing CD, demonstrating its versatility and potential across different
CD domains.

yields superior performance compared to smaller models.

Mask Embeddings from the Last Layer. Previous stud-
ies [10] have empirically demonstrated the ViT’s transition
from low-level feature encoding in early layers to captur-
ing more global, semantic representations in deeper lay-
ers. We observe that this hierarchical feature specialization
also exists in SAM ViT (see Fig. 5). Additionally, we per-
form quantitative ablation studies regarding mask embed-
ding layers and change confidence scores (see Tab. 5). Our
results show that utilizing mask embeddings from the final
layer yields superior performance compared to embeddings
from the initial or intermediate layers. Furthermore, a high
change confidence score can result in the inclusion of ir-
relevant masks, while a low score becomes overly strict,
hindering the detection of actual changes. Therefore, our
change confidence score acts as a semantic lower bound
within SAM’s latent space for accurate change detection.

3.4. Regarding Registration and Resolution

To assess robustness against perspective and resolution vari-
ations, we simulate perspective distortions by applying ran-
dom perturbations of varying scales (up to a 64-pixel offset)
to images downscaled to half of their original 512 x 512
resolution on the VL-CMU-CD dataset (see Tab. 6). While
all baselines are trained on full-resolution images, GeSCF
maintains a zero-shot setting, augmented with a simple Su-
perPoint [6] + RANSAC [9] registration module.



3.5. Beyond Scene Change Detection

Although our research primarily focuses on natural scene
CD, with each CD domain typically focusing on its special-
ized area rather than integrating other CD fields [15], we
have discovered that our framework can also work as a zero-
shot remote sensing CD framework (see Fig. 6 for qualita-
tive examples). Despite SAM being exclusively trained on
natural images from photographers, SAM’s feature space
and our proposed feature strategies remain effective when
applied to remote sensing data. Furthermore, we also eval-
uate our proposed GeSCF against the video sequence CD
method from [16] on the CDnet 2014 [26] benchmark (see
Tab. 7). The experimental results further confirm the ex-
ceptional generalizability of GeSCF. Although these results
are preliminary, they indicate that the representations from
SAM may be useful for different CD domains.

4. Training Objectives

To comprehensively evaluate temporal consistency, we train
all baselines using both uni-temporal and bi-temporal train-
ing objectives [28].

Uni-temporal Objective is a standard binary cross-entropy
loss, a widely adopted loss function for binary classification
tasks. It quantifies the discrepancy between the predicted
change probabilities and the ground-truth, effectively guid-
ing the network to accurately distinguish between change
and no-change regions. The uni-temporal objective is cal-
culated as follows:

Lpce = —[ylog(p) + (1 — y)log(1 — p)], (1)

where y € 0,1 specifies the ground-truth class and p €
[0, 1] denotes predicted probability for positive class.
Bi-temporal Objective [28] is specifically designed for bi-
nary change detection by leveraging paired images captured
at different time steps. By jointly optimizing with both tem-
poral directions, it complements the uni-temporal objective
and further refines the model’s temporal consistency. The
bi-temporal objective is formulated as follows:

t0>tl __ t0—t1 t1—t0
ﬁbce - m‘cbce + n‘cbce ) (2)

where m and n are set to 0.5 and t0—¢1 (or t1—10) repre-
sents the concatenation order of the input images. Note that
Li0¢ js equal to L1277 (or L£17710) if the model entails
temporally symmetric architectures.

5. Limitations

Generalizable scene change detection is an emerging and
challenging task essential for advancing the SCD commu-
nity. We are the first to define what is generalizable scene
change detection and to introduce a straightforward yet
powerful framework, complemented by a broader domain

evaluation dataset and a comprehensive evaluation protocol.
However, certain limitations persist, including the need for
demonstration across more diverse domains, such as vari-
ous indoor environments, and challenges related to the bias
of SAM. These limitations leave room for subsequent re-
search and interdisciplinary studies [5, 13] to enhance the
robustness of our framework further.
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