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Abstract
We present a novel, training-free approach to scene change
detection. Our method leverages tracking models, which
inherently perform change detection between consecutive
frames of video by identifying common objects and detecting
new or missing objects. Specifically, our method takes ad-
vantage of the change detection effect of the tracking model
by inputting reference and query images instead of consec-
utive frames. Furthermore, we focus on the content gap and
style gap between two input images in change detection, and
address both issues by proposing adaptive content threshold
and style bridging layers, respectively. Finally, we extend our
approach to video, leveraging rich temporal information to
enhance the performance of scene change detection. We com-
pare our approach and baseline through various experiments.
While existing train-based baseline tend to specialize only
in the trained domain, our method shows consistent perfor-
mance across various domains, proving the competitiveness
of our approach.

Code — https://github.com/kyusik-cho/ZSSCD

Introduction
Scene Change Detection (SCD) is the task that aims to de-
tect differences between two scenes separated by a tempo-
ral interval. Recently, SCD has gained significant interest
in various applications involving mobile drones and robots.
For instance, drone-based SCD has been studied for land
terrain monitoring (Lv et al. 2023; Song et al. 2019; Agar-
wal, Kumar, and Singh 2019), construction progress moni-
toring (Han et al. 2021), and urban feature monitoring (Chen
et al. 2016). Additionally, SCD using mobile robots has
also been researched for natural disaster damage assess-
ment (Sakurada and Okatani 2015; Sakurada, Okatani, and
Deguchi 2013), urban landscape monitoring (Alcantarilla
et al. 2018; Sakurada, Shibuya, and Wang 2020), and indus-
trial warehouse management (Park et al. 2021, 2022).

Recently, SCD has been tackled using deep learning.
Deep learning-based SCD techniques follow a procedure of
learning from a training dataset and applying the model to
a test dataset. These approaches tend to face two main chal-
lenges: dataset generation costs and susceptibility to style
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variations. Firstly, creating a training dataset for SCD mod-
els is labor-intensive and costly. Recent research has fo-
cused on reducing these costs through semi-supervised (Lee
and Kim 2024; Sun et al. 2022) and self-supervised learn-
ing (Seo et al. 2023; Furukawa et al. 2020) methods, as well
as the use of synthetic data (Sachdeva and Zisserman 2023;
Lee and Kim 2024). While these approaches mitigate the
expense of labeling, they often overlook the cost of acquir-
ing image pairs, which arises from the substantial temporal
intervals to capture changes. Secondly, due to the substan-
tial temporal intervals between pre-change and post-change
images, variations in seasons, weather, and time introduce
significant differences in their visual characteristics. Conse-
quently, SCD techniques must be robust to these style vari-
ations to be effective. However, the training dataset cannot
include all the style variations present in real-world scenar-
ios, making the trained model vulnerable to style variations
that are not included in the training set.

To address these problems, we propose a novel training-
free zero-shot SCD method. Our method does not require a
training dataset, thereby eliminating collection costs and al-
lows it to be applied to any problem with arbitrary styles.
To the best of our knowledge, this paper is the first to at-
tempt zero-shot SCD without training on SCD datasets. The
key idea of this paper is to formulate SCD as a tracking
problem, and apply a foundation tracking model to conduct
zero-shot SCD. This idea stems from the observation that the
tracking task is fundamentally similar to change detection.
Specifically, tracking models (Cheng et al. 2023a; Cheng
and Schwing 2022) maintain or build tracks by identifying
the same objects, disappeared objects, and newly appeared
objects in two consecutive images, even when the camera
and objects move. Thus, if the two consecutive images in
tracking are replaced with the two images before and after
the change in SCD, the tracking model can automatically
solve SCD without training.

However, there are some differences between tracking
and SCD tasks: (a) Unlike tracking, the two images before
and after the change in SCD might have different styles due
to a large time gap between two images. We refer to this
SCD trait as the style gap. (b) Objects change very little be-
tween two consecutive images in tracking, whereas objects
change abruptly in SCD. We refer to this SCD trait as the
content gap. To address these issues in our zero-shot SCD
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Figure 1: The basic idea of SCD with tracking model. (a) We execute the tracking model G with r and q. (b) We denote
the tracking result from r to q as Mr→q = G(r, q,M r), and the tracking result from q to r as Mq→r = G(q, r,M q). (c)
‘Missing’ objects are the objects that exist in r but not in q. Therefore, we compare Mr and Mr→q to find missing objects.
Conversely, ‘new’ objects are identified by comparing Mq and Mq→r. (d) The final prediction is the simple combination of
new and missing.

method, we introduce a style bridging layer and a content
threshold, respectively.

Finally, we extend our approach to sequence, to intro-
duce the zero-shot SCD approach works on the video. Since
our approach operates based on a tracking model, it can be
seamlessly extended to work with video sequences. The pro-
posed zero-shot SCD approach has been evaluated on three
benchmark datasets and demonstrated comparable or even
superior performance compared to previous state-of-the-art
training-based SCD methods.

Related Work
Scene Change Detection (SCD) In recent years, numer-
ous deep learning-based change detection methods have
been proposed for SCD. DR-TANet (Chen, Yang, and
Stiefelhagen 2021) utilized attention mechanism based on
the encoder-decoder architecture. SimSaC (Park et al. 2022)
developed a network with a warping module to correct dis-
tortions between images. C-3PO (Wang, Gao, and Wang
2023) developed a network that fuses temporal features to
distinguish three change types. However, various studies
have aimed to address the challenge of obtaining data. For
instance, Lee and Kim (2024) and Sun et al. (2022) have
introduced semi-supervised learning, while Seo et al. (2023)
and Fukawa et al. (2020) proposed the self-supervised learn-
ing with unlabeled data. However, Sachdeva and Zisser-
man (2023) and Lee and Kim (2024) utilized synthetic data
to effectively increase the dataset. Despite these methods
effectively reducing the label costs, they tend to overlook
the cost of collecting image pairs. Moreover, the robustness
against style change has not been previously discussed. An
effective SCD method should be able to focus on content

changes regardless of variations in image style. However,
since a single dataset cannot encompass all possible style
variations, the performance tends to be specialized for the
styles present in the dataset. This issue, while not evident
in controlled laboratory environments, becomes a signifi-
cant problem in real-world applications. Therefore, we pro-
pose a novel SCD method that does not rely on datasets. Our
method operates without a training dataset, thus ensuring in-
dependence from specific styles.

Segmenting and Tracking Anything Recently, Segment
Anything (Kirillov et al. 2023) has demonstrated highly ef-
fective performance in universal image segmentation. SAM
has shown the ability to perform various zero-shot tasks,
and has served as the foundational model for various stud-
ies (Peng et al. 2023; Maquiling et al. 2024). Building
upon this research, researchers have explored various meth-
ods to extend its application to tracking. For example,
SAM-Track (Cheng et al. 2023b) implemented tracking by
combining SAM with the DeAOT (Yang and Yang 2022)
mask tracker. SAM-PT (Rajič et al. 2023) integrated SAM
with point tracking to develop the pipeline. DEVA (Cheng
et al. 2023a) proposed a pipeline that uses the XMem
tracker (Cheng and Schwing 2022) to track provided masks
without additional training. Among various studies, we
adopted DEVA with SAM masks as our tracking model, to
achieve track-anything for SCD without further training.

Method
Each datum for scene change detection (SCD) is represented
as a triplet (r, q, y), where r and q denote paired images ac-
quired at distinct times t0 and t1, respectively, and y repre-
sents the change label between the image pair. The primary
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objective of this task is to discern the scene change between
the images captured at t0 and t1 when inspecting the latter.
Herein, we call the image obtained at t0 (r) as the reference
image and the image acquired at t1 (q) as the query image.

To perform scene change detection without training, our
methodology integrates two pretrained models: a segmen-
tation model F and a tracking model G. The segmenta-
tion model F segments images in an unsupervised manner,
while the tracking model G tracks each mask generated by
F across multiple images. We employ the Segment Any-
thing Model (SAM) (Kirillov et al. 2023) as the segmenta-
tion model F and DEVA (Cheng et al. 2023a) for the track-
ing model G. Comprehensive details about parameters for
F and G, and details about the mask generation process are
provided in the supplementary materials.

The rest of the Method section is structured as follows:
First, we introduce the basic idea for performing SCD be-
tween two images using F and G. Next, we discuss the dif-
ferences between the tracking task and the SCD task, and
then introduce methods to overcome these differences. Fi-
nally, we extend our approach to the video level.

Scene Change Detection with Tracking Model
Our approach uses two pretrained models, a segmentation
model F and a tracking model G. The segmentation model
F partitions image I into object-level masks, forming the set
M = {m1,m2, · · · ,mn}. There exists no overlap between
distinct masks, that is, mi ∩mj = 0, ∀ i ̸= j. The tracking
model G takes consecutive frame images (I0, I1) and the
object masks of the first frame M0 = F (I0) as input, and
yields M0→1 as output, that is, M0→1 = G(I0, I1,M0).
Here, M0→1 represents the set of masks tracked from
M0 = F (I0) to I1. By checking if each mask that was
present in M0 is also present in M0→1, we can determine
which object masks in I0 still exist or have disappeared in
I1.

The key idea of our zero-shot SCD approach is to ap-
ply a reference image r and a query image q instead of
consecutive frames (I0, I1) to the tracking model G. Al-
though the tracking model traditionally expects consecutive
frames (I0, I1) for input, we deviate from this convention
by providing reference image r and query image q instead.
To avoid potential confusion, we rewrite the input and the
output of the tracking model as Mr→q = G(r, q,M r). By
comparing the masks between Mr and Mr→q , we identify
object masks that exist at time t0 but have disappeared at
time t1, corresponding to the ‘missing’ class in the change
detection task. Specifically,

Mmissing = Mr \Mr→q. (1)

Additionally, we run the tracking model G again by re-
versing the order reference image r and query image q and
feed them to G to obtain Mq→r = G(q, r,M q). Similarly,
we predict the ‘new’ objects by Mnew = Mq\Mq→r, which
represent the objects that appear at time t1 but were absent
at time t0. Our pixel-wise prediction is obtained by apply-
ing the union of masks within Mnew and Mmissing . Pixels
experiencing both ‘new’ and ‘missing’ occurrences are con-
sidered ‘replaced.’ Formally, change prediction Pchanged is

𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 without 
content threshold

𝑃𝑃𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 with 
content threshold=0.05

|𝑚𝑚3
𝑞𝑞→𝑟𝑟|

|𝑚𝑚3
𝑞𝑞|

 = 0.

The ratio of mask area
|𝑚𝑚1

𝑞𝑞→𝑟𝑟|
|𝑚𝑚1

𝑞𝑞|
 = 0.0113

|𝑚𝑚2
𝑞𝑞→𝑟𝑟|

|𝑚𝑚2
𝑞𝑞|

 = 0.

Query Image 𝑞𝑞 Reference Image 𝑟𝑟 Ground truth 𝑦𝑦

𝑀𝑀𝑞𝑞 𝑀𝑀𝑞𝑞→𝑟𝑟

Figure 2: Illustration of the content threshold. Since the
yellow forklift in q has disappeared in r, all the three masks
(blue, red, and yellow masks) in Mq have no associated
masks in Mq→r. However, the tracking model creates a
small area of the blue mask in Mq→r due to the content
gap. This makes it mistakenly classified as a static object.
To address this, we propose a content threshold to filter out
masks whose area significantly reduces after tracking.

determined by:

Pmissing =
⋃

Mmissing

Pnew =
⋃

Mnew

Preplaced = Pmissing ∩ Pnew

Pchanged = Pmissing ∪ Pnew

(2)

The entire process of this approach is illustrated in Fig-
ure 1.

Addressing Content Gap and Style Gap
As presented in the previous section, the key idea of our
zero-shot SCD approach is to exploit the similarity between
SCD and tracking tasks. However, directly applying this
concept to various SCD scenarios leads to suboptimal per-
formance due to inherent differences between the two tasks.
In this section, we analyze these differences and propose
corresponding solutions.

The first difference is the content gap, which refers to
abrupt changes in content between the reference and query
images. In traditional tracking tasks, objects typically dis-
appear gradually over multiple frames rather than suddenly,
and new objects appear gradually over multiple frames, im-
plying that tracking tasks have little content gap. In contrast,
SCD involves abrupt changes where objects disappear or ap-
pear within a single frame and it has a large content gap.
Therefore, when the tracking model G trained on the track-
ing dataset is directly applied to SCD, the tracking model
G tends to create small segments even for objects that have
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During the process of tracking from r to q
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𝜇𝜇 𝑧𝑧𝑙𝑙𝑟𝑟
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𝑧𝑧𝑙𝑙𝑟𝑟

Style Bridging Layer

𝑧𝑧𝑙𝑙
𝑞𝑞

Step 2. Processing q

Figure 3: Illustration of the style bridging layer. During
the processing of the first image, the style is saved while the
feature is passed through unchanged. When processing the
second image, the saved style is applied to the feature.

disappeared, as shown in Figure 2. In the first row, the yel-
low forklift in the query image is missing from the reference
image, but, in the second row, the mask in Mq→r tracked
from a blue mask in Mq has a small segment. This remain-
ing small segment makes the identification of missing ob-
jects very difficult.

To address the content gap, we propose considering an
object as disappeared if its size is significantly reduced after
tracking, even if it has not completely vanished. To the end,
we introduce a content threshold τ and we compare the ar-
eas of the masks before and after tracking. If the ratio is less
than the content threshold τ , we consider the corresponding
object is missing or newly appeared. We define the \τ opera-
tor to replace the \ operator in equation 1 as follows, where
|m∗

i | denotes the area of the i-th mask in set *:

A \τ B := {mA
i | |m

B
i |

|mA
i |

< τ, ∀mA
i ∈ A}. (3)

By introducing this operator, we have
Mmissing = Mr \τ Mr→q . The value of τ is automatically
determined based on the input data. Further details and
discussions on the determination of τ are provided in the
supplementary material.

The second difference between tracking tasks and SCD is
the style gap, which refers to the difference in style between
the reference and query images. Change detection data have
large temporal gaps, therefore lighting, weather, or season
can change. These changes are commonly modeled as style
changes (Tang et al. 2023). We define such variations as
the style gap, which is not considered in traditional tracking
tasks and can thus significantly degrade SCD performance.

To address the style gap, we introduce a style bridging
layer (SBL) by incorporating an Adaptive Instance Nor-
malization (AdaIN) layer (Huang and Belongie 2017) into
the residual blocks of ResNet backbone (He et al. 2016)
of the tracking model G. The AdaIN layer, widely used
to reduce style differences between images across various
fields (Karras, Laine, and Aila 2019; Wu et al. 2019; Xu
et al. 2023), references the first image and applies its style
to the second image, thereby reducing the style differences
between the two images. Inspired by this, SBL addresses
the style gap between two inputs without learning, with two

training-free style parameters. For example, during the pro-
cess Mr→q = G(r, q,M r), the style bridging layer records
the mean and variance of each layer in image r and applies
these statistics when processing image q. Formally, the style
bridging layer updates the feature of zql as follows, where z∗l
denotes the l-th layer feature of image *.

z̃ql = σ(zrl )
zql − µ(zql )

σ(zql )
+ µ(zrl ). (4)

The operation of the proposed style bridging layer is illus-
trated in Figure 3.

Through these two methods, we effectively and sim-
ply address the content gap and style gap. Note that
the two improvements are also applied in the process
Mq→r = G(q, r,M q) and Mnew = Mq \τ Mq→r.

Extension to the Video Sequences
In this subsection, we extend our image-based SCD ap-
proach to video sequences. Leveraging video data enhances
spatial understanding by capturing scenes from multiple an-
gles. The tracking model in our pipeline allows the seamless
extension of our image-based SCD approach to video data.

Consider a video SCD dataset consisting of sequences
of reference, query, and change labels, denoted as
{rt, qt, yt}Tt=1, where T represents the length of the video
sequence, and t denotes the time index. Compared to the
image SCD, the video SCD requires two modifications.
The first modification is simply to feed two sequences
{rt, qt}Tt=1 instead of image pair {r, q} as input to the track-
ing model. Specifically, we start tracking to detect missing
objects in the video with

Mr1→r2 = G(r1, r2,Mr1)

Mr1→r2→q2 = G(r2, q2,Mr1→r2) ,
(5)

and continue tracking throughout the entire video with

Mr1↠rt = G(rt−1, rt,Mr1↠rt−1

)

Mr1↠qt = G(rt, qt,Mr1↠rt) ,
(6)

where Mr1↠rt = Mr1→r2→···→rt−1→rt and Mr1↠qt =
Mr1→r2→···→rt−1→rt→qt , as shown in Figure 4. In mask
formulation, MX denotes the output from the segmenta-
tion model F , whereas MX→Y or MX↠Y denotes the out-
put from tracking model G. This architecture is similar to
the structure of the Bayes filters or Markov process (Thrun
2002), in that all the information processed from 1 to t − 1

are included in Mr1↠rt−1

. Consequently, Mr1↠rt can be
incrementally updated from Mr1↠rt−1

and rt, qt, without
reprocessing all previous images. During the incremental
update from Mr1↠rt−1

to Mr1↠rt , all functions for track-
ing, including updating feature memory and identifying new
objects, are activated. Conversely, during the update from
Mr1↠rt to Mr1↠qt , these functions are deactivated. This
processing sequence is designed to detect ‘missing’ objects,
whereas the opposite processing sequence with swapping r
and q is employed to detect ‘new’ objects.
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Figure 4: Zero-shot SCD in video. We conduct SCD on video sequences by providing sequence pairs instead of image pairs as
input to the tracking model G. For each frame, the mask is propagated from the previous frame, resulting in a mask sequence
through repeated propagation. SCD in the video is finalized by comparing the mask sequences.

The second modification is redefining M t
missing and

M t
new to suit video data. In equation 1, we defined Mmissing

in image SCD as the masks that exist in the reference im-
age r but are absent in the query image q. The definition
of M t

missing for video SCD is an extension of this defini-
tion to video. Specifically, M t

missing is defined as the masks
present in the reference sequence {rt}Tt=1 but absent in the
query sequence {qt}Tt=1. Formally, M t

missing at time index
t is defined by:

M t
missing = {Mrt \τ Mr1↠q1}

∩ {Mrt \τ Mr1↠q2}
∩ · · ·
∩ {Mrt \τ Mr1↠qT }.

(7)

M t
new is similarly defined with the object that exists in query

sequence {qt}Tt=1, but is absent in the reference sequence
{rt}Tt=1.

Through these two extensions, our methodology becomes
appropriate for processing videos. According to the defini-
tions of these modifications, the sequence length can range
from 1 to infinity. However, we impose an upper bound on
the length of a sequence, denoted as Tmax. If the length
of the video exceeds Tmax, it is divided into multiple se-
quences, each with a length of Tmax. The reason for con-
straining the length of sequences is simple: as sequences
lengthen, memory costs increase, while the relevant infor-
mation for change detection decreases. For instance, in sce-
narios where the camera is in motion, the initial and final
frames of a sequence may capture entirely different loca-
tions, rendering them unsuitable for change detection. Con-
versely, if the camera remains stationary, all frames depict
the same scene, and additional frames provide redundant in-
formation. Therefore, we ensure more effective SCD by set-

ting the upper bound of the sequence length. For our exper-
iments, we set Tmax to 60.

Experiments
Experimental Setup
In this section, we briefly introduce the datasets, the relevant
settings, and the evaluation metrics.
ChangeSim (Park et al. 2021) is a synthetic dataset with
an industrial indoor environment. It includes three sub-
sets with varying environmental conditions: normal, low-
illumination, and dusty air. The dataset categorizes changes
into four types: new, missing, rotated, and replaced. Despite
its variety of environmental variations and change classes,
most baseline experiments on this dataset have evaluated
only the binary change/unchange classification and have
predominantly focused on the normal subset, leaving the
dataset’s full potential underexplored. Therefore, we chose
the state-of-the-art method, C-3PO (Wang, Gao, and Wang
2023), and reproduced the results under the following con-
ditions: using the original image size (640 × 480) to fully
utilize the rich information; and including all three subsets.
Among the four change classes in this dataset, the rotated
class, unlike others, involves slight angular changes of the
same object rather than complete appearances or disappear-
ances. We considered this as the object remaining static and
integrated this class into static for evaluation.
VL-CMU-CD (Alcantarilla et al. 2018) is a dataset that
includes information on urban street view changes over
a long period, encompassing seasonal variations. Follow-
ing the baseline approach, we performed predictions using
512× 512-sized images. As the change class in this dataset
is limited to a binary classification of the ‘missing’ class, we
used only the ‘missing’ class for our three types of predic-
tion.
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ChangeSim: In-domain

Method Trained Set Test Set Static New Missing Replaced mIoU

C-3PO Normal Normal 94.2 14.3 5.3 17.1 32.7
Ours - 93.9 29.6 12.3 7.3 35.8

C-3PO Dusty-air Dusty-air 94.0 9.3 2.8 12.6 29.7
Ours - 88.6 23.2 6.4 8.1 31.6

C-3PO Low-illum. Low-illum. 93.8 5.4 0.6 8.4 27.1
Ours - 80.6 9.4 4.7 6.3 25.2

Table 1: Experimental results on ChangeSim. The results are expressed in per-class IoU and mIoU scores. Despite the absence
of a training process, our model outperformed the baseline’s in-domain performance in two out of three subsets.

ChangeSim: Cross-domain

Test set
Method Trained Set Normal Dusty-air Low-illum.

C-3PO
Normal 32.7 27.2 26.7

Dusty-air 29.6 29.7 26.9
Low-illum. 29.4 27.1 27.1

Ours - 35.8 31.6 25.2

Table 2: Experimental results on ChangeSim, cross-
domain. The results are expressed in the mIoU score across
all change classes. We trained the baseline model on each
subset and tested it across all subsets. The experimental re-
sults show that the baseline model achieves the highest per-
formance when the training set and test set are the same,
while performance degrades when the training and test sets
differ. In contrast, our method is free from this issue.

PCD (Sakurada and Okatani 2015) is a dataset consisting
of panoramic images and includes two subsets: GSV and
TSUNAMI. Following the baselines, we performed predic-
tions on reshaped images of size 256×1024. Each data point
is classified into binary change or unchanged categories. We
consider the detected new, missing, and replaced predictions
into a ‘changed’ class for evaluation.

Evaluation Metrics Following the previous work, we
employ the mean Intersection over Union (mIoU) metric
for ChangeSim and F1 score for VL-CMU-CD and PCD
datasets.

Experimental Results
Table 1 presents the experimental results with other state-
of-the-art, C-3PO (Wang, Gao, and Wang 2023) from Chan-
geSim. C-3PO is reproduced under the conditions described
in the previous section. The baseline model is tested on the
same datasets as its training dataset, denoted as in-domain.
The table shows that our model achieved superior perfor-
mance in two out of three subsets: normal and dusty-air, with
mIoU of 35.8 and 31.6, respectively. However, our model
shows lower performance in low-illumination subset, with
mIoU of 25.2.

VL-CMU-CD & PCD

Test set
Method Trained Set VL-CMU-CD PCD Average

C-3PO VL-CMU-CD 79.4 11.6 45.5
PCD 24.3 82.4 53.4

Ours - 51.6 56.5 54.0

Table 3: Experimental results on VL-CMU-CD and PCD.
The results are expressed in the F1 score. The baseline
model performs best when the training and test are identical.
However, its performance significantly declines when these
datasets differ. Conversely, our method is robust to changes
in the dataset, maintaining performance without the need for
retraining whenever the test environment changes.

However, traditional train-based approaches are special-
ized for the style variation on which they were trained, be-
coming highly vulnerable when the domains differ. To il-
lustrate this, we conducted additional experiments testing
the baseline model on different domains from the ones it
was trained on. Specifically, we tested the baseline model
trained on a particular subset of ChangeSim on the other
subsets, denoted as cross-domain. The experimental results
are shown in Table 2. The baseline model, being specialized
for their in-domain data, suffers performance drops when
the data changes, indicating a lack of generalization. Specif-
ically, when the baseline model trained on the dusty-air sub-
set is tested on the same subset, it achieves a mIoU of 29.7.
However, when the model is trained on the normal or low-
illumination subsets and tested on the dusty-air subset, the
mIoU scores are relatively lower, at 27.2 and 27.1, respec-
tively. This performance drop is also observed in other cross-
domain experiments. Conversely, our approach, which is not
tailored to any specific style variation within the training
dataset, shows robustness to changing the datasets. In other
words, our model can be applied to all subsets without the
need for retraining each time the environment changes.

We also conducted experiments on two additional real-
world datasets, VL-CMU-CD and PCD. The results are
summarized in Table 3. These results reveal a pattern consis-
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Figure 5: Qualitative results. Our approach successfully performs change detection across various datasets without training.
For more qualitative results, see the supplementary material.

tent with our previous observations: the baseline model per-
forms well when the training and test datasets are identical,
but its performance significantly declines when the datasets
differ. In this experiment, the performance drop is particu-
larly severe due to the greater stylistic differences between
the datasets. Specifically, the baseline model achieves high
in-domain performance with F1 scores of 79.4 and 82.4 on
the VL-CMU-CD and PCD datasets, respectively. In con-
trast, its cross-domain performance drops dramatically to
24.3 and 11.6, respectively. This observation suggests that
the baseline model is overfitted to the limited style variations
present in the training dataset.

Since the change detection method must function across
various seasons and weather conditions in real-world sce-
narios, robustness to style changes is crucial for reliable per-
formance. The most straightforward way to achieve such ro-
bustness against style variations is to employ an approach
that does not rely on the training set, as supported by these
experimental results.

We present qualitative results in Figure 5. The baseline re-
sults correspond to in-domain scenarios, where the training
and test datasets are identical. In contrast, our predictions are
zero-shot results without any training. The qualitative results
show that our approach effectively performs change detec-
tion without training. In the supplementary material, we pro-
vide more qualitative results and intermediate outcomes of
the prediction process.

Ablation Experiments
We conducted extensive ablation experiments and more
analyses in the supplementary materials to validate the ef-

ficacy and robustness of our proposed methods. (1) Per-
formance of zero-shot SCD with and without the proposed
adaptive content threshold (ACT) and style bridging layer
(SBL). (2) Ablation study based on different SBL settings.
(3) Ablation study based on different clip lengths. (4) Abla-
tion study based on different ACT settings.

Conclusion
In this paper, we present a novel approach to zero-shot
Scene Change Detection (SCD) applicable to both image
and video. Our method performs SCD without training by
leveraging a tracking model, which inherently performs
change detection between consecutive video frames by rec-
ognizing common objects and identifying new or missing
objects. To adapt the tracking model specifically for SCD,
we propose two training-free components: the style bridging
layer and the adaptive content threshold. Through extensive
experiments on three SCD datasets, our approach demon-
strates its versatility by showing its robustness to various
environmental changes. We believe that our work offers a
fresh perspective on SCD and represents a significant step
forward in its practical application.
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Rajič, F.; Ke, L.; Tai, Y.-W.; Tang, C.-K.; Danelljan, M.; and
Yu, F. 2023. Segment anything meets point tracking. arXiv
preprint arXiv:2307.01197.
Sachdeva, R.; and Zisserman, A. 2023. The Change You
Want to See. In Proceedings of the IEEE/CVF Winter Con-
ference on Applications of Computer Vision (WACV).
Sakurada, K.; and Okatani, T. 2015. Change detection from
a street image pair using cnn features and superpixel seg-
mentation. In British Machine Vision Conference (BMVC).
Sakurada, K.; Okatani, T.; and Deguchi, K. 2013. Detect-
ing changes in 3D structure of a scene from multi-view im-
ages captured by a vehicle-mounted camera. In Proceed-
ings of the IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR), 137–144.
Sakurada, K.; Shibuya, M.; and Wang, W. 2020. Weakly su-
pervised silhouette-based semantic scene change detection.
In 2020 IEEE International Conference on Robotics and Au-
tomation (ICRA), 6861–6867. IEEE.
Seo, M.; Lee, H.; Jeon, Y.; and Seo, J. 2023. Self-pair: Syn-
thesizing changes from single source for object change de-
tection in remote sensing imagery. In Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer
Vision (WACV), 6374–6383.
Song, F.; Dan, T.; Yu, R.; Yang, K.; Yang, Y.; Chen, W.;
Gao, X.; and Ong, S.-H. 2019. Small UAV-based multi-
temporal change detection for monitoring cultivated land
cover changes in mountainous terrain. Remote sensing let-
ters, 10(6): 573–582.
Sun, C.; Wu, J.; Chen, H.; and Du, C. 2022. SemiSANet:
A semi-supervised high-resolution remote sensing image
change detection model using Siamese networks with graph
attention. Remote Sensing, 14(12): 2801.

2516



Tang, G.; Ni, J.; Chen, Y.; Cao, W.; and Yang, S. X. 2023.
An improved CycleGAN based model for low-light image
enhancement. IEEE Sensors Journal.
Thrun, S. 2002. Probabilistic robotics. Communications of
the ACM, 45(3): 52–57.
Wang, G.-H.; Gao, B.-B.; and Wang, C. 2023. How to re-
duce change detection to semantic segmentation. Pattern
Recognition, 138: 109384.
Wu, Z.; Wang, X.; Gonzalez, J. E.; Goldstein, T.; and Davis,
L. S. 2019. Ace: Adapting to changing environments for se-
mantic segmentation. In Proceedings of the IEEE/CVF In-
ternational Conference on Computer Vision (ICCV), 2121–
2130.
Xu, Q.; Zhang, R.; Wu, Y.-Y.; Zhang, Y.; Liu, N.; and Wang,
Y. 2023. Simde: A simple domain expansion approach
for single-source domain generalization. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), 4797–4807.
Yang, Z.; and Yang, Y. 2022. Decoupling features in hierar-
chical propagation for video object segmentation. Advances
in Neural Information Processing Systems, 35: 36324–
36336.

2517


