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Abstract— Change detection has long been used for various
tasks. With advancements in robotic systems and computer
vision, change detection techniques can be further explored for
diverse applications. Current state-of-the-art methods primarily
use either satellite images or street-level images to detect
changes. However, the techniques used for these two types of
images differ substantially, though their core objective remains
identical.

We introduce a spectral-temporal attention network capable
of detecting changes in both satellite and street-level images
across multiple temporal instances. Additionally, we present
an indoor environmental dataset featuring significantly more
frequent changes. We analyze the impact of temporal and
spatial domain shifts on the performance of various methods
and demonstrate that performing attention in the spectral do-
main not only enhances overall performance but also increases
robustness against spatial domain shifts.

I. INTRODUCTION

Change detection is a critical task in computer vision and
machine learning, focusing on identifying changes in an en-
vironment over multiple temporal instances. This capability
is essential for various applications, including surveillance
[1]-[3], maintaining maps [4], patrolling, land cover mon-
itoring [5], [6], anomaly [7], [8] detection. The ability to
detect changes in real-time is crucial in scenarios where
immediate action is necessary to maintain safety, security,
or operational efficiency. Despite recent advancements, many
methods struggle with real-world applicability, often failing
outside controlled settings. Traditional techniques like im-
age differencing, optical flow estimation, and background
subtraction perform well under ideal conditions but de-
grade in dynamic lighting, occlusions, or cluttered scenes.
These methods are also environment-specific, limiting their
adaptability to diverse scenarios. The emergence of deep
learning, particularly convolutional neural networks (CNN),
has significantly advanced change detection by enabling the
extraction of intricate patterns and features from images and
videos. Models such as CDNet++ [9] have leveraged CNN
architectures like VGG-19 [10] to achieve state-of-the-art
results on benchmark datasets. However, these models under-
perform in densely populated and high-frequency regions
where changes are more frequent and large in number. The
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rise of Unmanned Aerial/Ground Vehicles (UAVs/UGVs) has
spurred interest in automated change detection systems for
dynamic environments, enhancing autonomous capabilities
while reducing human intervention. However, existing so-
lutions still face limitations, particularly in highly cluttered
or crowded scenes. Change detection can be classified into
multiple categories based on its application and the source of
input data. In general, it is divided into street scene change
detection and satellite scene change detection. The primary
difference between these two lies in the frequency and nature
of changes observed over time. In satellite-based change
detection, changes typically occur gradually, with significant
transformations occurring over extended periods, such as de-
forestation, urban expansion, or natural disasters. In contrast,
street-level change detection involves more frequent and
dynamic alterations, such as moving vehicles, pedestrians,
and temporary structures, making it significantly more chal-
lenging due to the rapid rate of change. Advances in drone
technology and onboard computing have expanded change
detection applications to disaster relief, and search-and-
rescue. Drone-based scene change detection (SCD) merges
satellite and street-level paradigms but faces challenges from
altitude/angle variability, necessitating adaptive algorithms.
Although several state-of-the-art methods and datasets exist
for scene change detection, they still struggle with domain
adaptation.
The key contributions are as follows:

o We propose a novel Spectral Attention Network (SAN)
based approach which is robust to domain shifts, and
can be applied to both satellite and street scene change
detection.

e We developed a new real-world, indoor lab-based
dataset, A18Robotics, for indoor scene change detection.

o Furthermore, we demonstrate the experimental valida-
tion of our method across different scenarios.

II. RELATED WORK

In this section we study the various change detection
techniques used in the past. Several datasets have been
developed for street scenes, each with unique character-
istics and challenges. The PCD [11] dataset consists of
200 outdoor images, annotated for structural changes in
street-view environments. Similarly, the VL-CMU-CD [11]
dataset contains 1362 outdoor images, also annotated for
structural changes and segmented into nine classes. These
datasets facilitate the evaluation of methods under varying
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MUDS [12] and DynamicEarthNet [13] are two satellite-
based change detection datasets.

For indoor environments, the ChangeSim [14] dataset
is noteworthy, providing over 130,000 images across 80
scans of 10 scenes in a warehouse setting. It includes
annotations for four types of changes: new, missing,
rotated, and replaced objects, with additional challenges
such as dusty air and low illumination. While PCD [11]
and VL-CMU-CD [11] datasets consists of real images,
ChangeSim [14] is a synthetic dataset created using the
Unreal Engine. ChangeSim [14] consists of paired and
unpaired images which are trained and tested on ChangeNet
[15] and CSCDNet [14] in different scenarios. Several
significant methodological contributions have been made
in recent years. Chen et al. [11] introduced a network
designed to detect changes in street scenes using dynamic
receptive temporal attention. This method leverages
attention mechanisms to capture temporal changes in video
sequences, improving the accuracy of change detection
in complex urban environments. The paper demonstrates
the effectiveness of the model on datasets such as PCD
[11] and VL-CMU-CD [11]. Rubio et al. [16] explore the
use of UAVs for automated change detection. It utilizes
image alignment techniques such as ORB (Oriented and
Fast Rotated Brief) and sliding windows. This approach
is particularly useful for aerial imagery applications,
where precise alignment and robust change detection
are crucial. Santos et al. [17] presented an unsupervised
change detection method for space habitats using Principal
Component Analysis (PCA), Gaussian Mixture Models
(GMM), and 3D point clouds. The method is specifically
designed to compare images to identify anomalies aboard
the ISS. Although effective in controlled settings, it
requires significant computational resources. One important
problem the authors highlight is that the effectiveness of
the strategy decreases as environmental changes increase.
Because it performs best when identifying up to five
changes simultaneously, single image analysis is much more
time-consuming and computationally expensive. However,
it struggles with more thorough adjustments, particularly
when there are more than 25 changes. Prabhakar [9] details
an advanced approach using deep neural network feature
correlation. The methodology is based on a VGG-19
architecture, employing convolutional blocks for patch-wise
feature similarity. This approach has achieved state-of-the-
art accuracy in datasets such as VL-CMU-CD, PCD, and
GSV. However, it requires prealigned reference and query
images, which can limit its applicability in scenarios where
exact pixel-wise matching is not guaranteed. ChangeNet
[15] is another method which utilizes ResNet encoder and
fully connected layer based network to find the change map.
SSCDNet [18] is silhouette based technique which makes
use ResNet and UNet based network to find changes in the
environment. SARAS-Net [19] is another Siamese based
network consisting of relation aware, scale aware and cross
transformer modules to tackle problem of scene change
detection. CSCDNet [18] is another Siamese and correlation

based method for detecting changes. C3PO [20] is another
method which makes use of a segmentation backbone and
merge the various temporal and spatial features to find
the changes in the environment. UMAD [21] introduces
an anomaly detection dataset which uses change detection
techniques for the same. [22] uses Dino-V2 as baseline for
detecting changes. [23] uses 3D Gaussian Splatting based
features to find changes in the physical object rearrangement.

UTAE [24] is UNet based method to find changes in
satellite images. TsVit [25] is a vision transformer based
method for satellite change detection. [26] uses normal
distribution based voxels to perform spatial change detection.
[27] uses non descriptive fields and local object layout
comparison to detect changes online. Spectformer [28] is
a vision transformer based network which makes use of
Spectral Gating Network to find the attention in the spectral
domain. This technique not only improves the learning of
the model but also increase its performance by reducing the
total amount of computation required. Phasor Driven Accel-
eration [29] is another method which performs convolution
in spectral domain. The introduction of spectral domain into
a network improves the performance of the network and
increases the overall learning of the method. For satellites,
there exists a variety of hyper spectral datasets that serve
diverse applications. In [30] authors had fused hyper spectral
as well as spatial information for change detection.
Inspired by the strengths of various spectral methods in
feature learning and domain adaptation, we explore attention
mechanisms in the spectral domain to improve performance
across diverse scenarios.

III. METHOD: SPECTRAL ATTENTION NETWORK

We propose to modify the multiUTAE approach [31]
by modifying the temporal attention module to calculate
attention in the spectral domain. We also propose a new street
scene change detection dataset to bridge the gap between
the different change detection types. The overall architecture
of our method is represented by Fig. 1. Spectral Temporal
Attention block in Fig. 1 uses SAN to calculate attention in
spectral domain.

A. Proposed Architecture

Our method takes multiple images captured in different
temporal instances as input and gives segmented mask for
each one of those images. These segmentation mask are com-
pared pixel wise to find the changes among multiple temporal
instances. Our method comprises an encoder, a spectral-
temporal attention module, and a decoder. The encoder takes
time-series input in RT*¢*H*W \where T is the number of
temporal instances of a spatial location, C' is the number of
input channels and H and W are the height and width of
the images. The encoder block produces a series of feature
maps z! to z& € RT*P where L are number of levels and D
is the spatial output dimension. Positional encoding is added
to z" and passed to spectral temporal attention block. The
obtained attention map is up sampled at all levels [ where [ is
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Fig. 1.

between 1,...,L. The combined feature map ié is obtained at
different levels for all t in 1,...,7". The decoder uses strided
transposed convolution to upsample Z' to the next level. The
upsampled attention maps a',..,a’ are propagated to upper
level with skip connections. The obtained feature maps iff
are concatenated with lower-level feature maps z' "¢ before
up sampling convolution. The model output are segmented
maps of RT*HXWXK where K is the number of semantic
classes. The encoder and decoder blocks are strictly aligned
with the muliUTAE [31]. The spectral temporal attention
block calculates the attention in the spectral domain where
feature maps in key and query matrices are converted using
Fast Fourier Transforms into spectral domain and attention
maps are calculated. The attention maps are then converted
back into the spatial domain using Inverse Fast Fourier
Transforms. The attention mechanisrp outputs multi temporal
attention maps a” in [0,1]T*T*H xW" where H is the
height and W' is the width of the spatial image at level
L. The attention in the spectral domain for a given spatial
location (i, ) in [1, H'] x [1,W'] as

q=FCYFFT(z};)) € R4 (1)

k = FC*(FFT(z};)) € R"*¢ 2)

al; =IFFT(kq") e R"*" 3)

In equation (1), g denotes the query matrix, while in equation
(2), k signifies the key matrix. The term aLJ in equation (3)
denotes the attention maps that have been derived, while d
signifies the dimension associated with keys and queries. The
terms F'C? and FC* in (1) and (2) denote fully connected
layers. The FFT in (1) and (2) denotes the Fast Fourier

Proposed model architecture.

Transforms, while the IFFT in (3) signifies the Inverse Fast
Fourier Transforms. The FFT and IFFT are calculated based
on equations (4) and (5), respectively.

FFT(z" Zzz”e*’” FEB) (@)
=0 j=0
T—1T-1

IFFT(kq ") =7 Z > K, L2mFHE) (5
u=0 v=0

where v and v are the frequency indices in the Fourier
domain in equation (4) and (5), t and s are the spatial
domain indices in equation (5), and IA{WJ represents the
frequency coefficients in equation (5). The feature maps Z'
are calculated as:

T
= L l
=Y al, o1, (6)
=1
where ® denotes the element-wise multiplication in equation
(6). The attention mechanism is visualized in Fig. 2.

B. Dataset Creation

We have created an indoor lab based dataset A18Robotics
to test the efficacy of our method in different scenarios.
The existing street scene change detection datasets contains
very sparse changes, contrastingly, in the real world, the
number of changes are dense. We recorded 10 videos of
the lab environment in a fixed path with same starting and
ending point. We manually segmented and paired frames
from 2 videos for training purposes. The different objects
in the dataset are divided into seven classes: human, object,
chair, table, storage, background and base. The frequency of
changes in the environment is very high in human, object and
chair classes. The frequency of changes in the storage and

8075

Authorized licensed use limited to: Indian Ins of Science Edu & Research. Downloaded on November 30,2025 at 12:31:33 UTC from IEEE Xplore. Restrictions apply.



L
Zij € RT*P

FFT

FFT

sL
FCk 1,

a:TxT

Fig. 2. Spectral Attention Network.

TABLE I

RESULTS OBTAINED IN DIFFERENT SETTINGS FOR DYNAMICEARTHNET DATASET.

No Domain Shift Temporal Domain Shift Spatial Domain Shift
Method SCS SC BC mloU SCS SC BC mloU SCS SC BC mloU
SITSSCD 24 30.57 17.41 52.06 25.6 36.0 15.3 61.7 15.8 21.5 10.1 38.5
Ours 24.36 29.81 18.91 55 11.96 22.58 1.33 41.29 32.22 41.28 23.16 63.14

For DynamicEarthNet dataset: Results obtained in the No Domain Shift setting use the same training settings and splits for SITSSCD and our method.
For the temporal and spatial domain-shift settings, the results for SITSSCD follow those reported in [31].

TABLE I

RESULTS OBTAINED IN DIFFERENT SETTINGS FOR MUDS DATASET.

No Domain Shift Temporal Domain Shift Spatial Domain Shift
Method SCS SC BC mloU SCS SC BC mloU SCS SC BC mloU
SITSSCD 9.83 18.64 1.02 68.25 11.0 20.1 1.9 71.1 10.8 20.8 0.7 66.2
Ours 11.24 20.91 1.56 69.70 14.32 28.03 0.62 65.92 11.44 20.46 2.42 69.10

For MUDS dataset: Results obtained in the No Domain Shift setting use the same training settings and splits for SITSSCD and our method. For the
temporal and spatial domain-shift settings, the results for SITSSCD follow those reported in [31].

table classes is low, and negligible in the background and
base classes. The pairing process for the images obtained
from the videos was performed manually. The recorded
videos vary in length, and while manually pairing images
from different temporal instances, the depicted locations may
differ slightly.

C. Analysis Techniques

We trained and evaluated our approach on MUDS [12]
and DynamicEarthNet [13] dataset in three different settings,
along with the effect of noise on Al8Robotics, Dynam-
icEarthNet [13] and MUDS [12] datasets.

1) No Domain Shift: We divided the MUDS and Dy-
namicEarthNet into 4 subsets and performed 4 fold cross
validation on SITSSCD [31] method and our methodology.
The subsets used for cross validation are not mentioned in
[31], so we trained and evaluated SITSSCD [31] and our
method on custom folds.

2) Temporal Domain Shift: For Temporal Domain Shift
we divided both the datasets according to the SITSSCD
[31]. The training set contains images from year 2018,
validation set contains images from first half of year 2019
and test set contains images from second half of 2019 for
DynamicEarthNet dataset and randomly assigned images
from year 2019 into test and validation splits.

3) Spatial Domain Shift: We have used 5 fold cross
validation for spatial domain shift settings and folds which
were taken is same as taken in the SITSSCD [31] The cross
validation sets used for training in no domain shift and spatial
domain shift settings are similar to the train, validation and
test sets used in [31].

4) Noise: We added noise to test sets for DynamicEarth-
Net, MUDS and A18Robotics. The noise is derived from
unit Normal Gaussian distribution. For DynamicEarthNet
and MUDS dataset the noisy dataset is tested with weights
obtained in no domain shift settings. The unit Normal
Gaussian Distribution can be described as X ~ N(0,1).

D. Training Process

We trained SITSSCD [31] and our method using the focal
loss and AdamW optimizer with a learning rate starting
from O and decreasing it to 1075 after 5000 warm-up
steps. We train our method for 120-140 epochs with various
configurations, retaining the checkpoint with the highest SCS
(Semantic Change Segmentation) score on the validation set.
For data augmentation during training, we have followed the
techniques described in SITSSCD [31] by cropping the 1024
x 1024 images into 128 x 128 random patches and applying
random transformations on patches. The spatial feature size
D is kept fixed at 512, d is the dimension of key and query
which is kept fixed at 4 and number of levels is kept at
4 as mentioned in [31]. The MUDS and DynamicEarthNet
datasets are trained with training length of 12, batch size
8. For Trainings on DynamicEarthNet [13] and MUDS [12]
two NVIDIA Quadro 8000 GPU’s were used. A18Robotics
dataset is trained on SITSSCD [31] and our method, with
training length of 2, batch size 2 and GPU used for this is
NVIDIA RTX A4000.
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Fig. 3. Segmentation output. Images 1 and 2 are taken from the MUDS dataset, images 3 and 4 are taken from the DynamicEarthNet dataset and images

5 and 6 are taken from the A18Robotics dataset.

IV. EXPERIMENTS AND RESULTS
A. Datasets and Metrics Used

We have used two satellite-based change detection datasets
and our custom Al8Robotics dataset for evaluation of our
method and comparison with SITSSCD [31].

« MUDS [12]: It is a two-class dataset in which RGB

images of 60 locations are collected over a period of
2 years (24 months) at the start of each month from
January 2018 to December 2019. The 2 classes are
building and not building. The dataset used for our work
is taken from [31].

o DynamicEarthNet [13]: A six-class dataset with RGB
and depth images collected over a period of 2 years with
multiple images in each month and over 75 locations (of
which 55 are used for spatial domain shift settings).
The classes of this dataset are impervious surface,
agriculture, forest, wetlands, soil and water. The ’snow’
class is merged with water as it is present in very few
images [31].

« Al18Robotics: A seven-class dataset with RGB videos
captured over different time intervals with each video
is of varying length, but the start and end points of
each video sequence are the same. This dataset includes
seven classes (base, background, chair, human, object,
storage, table), with each video lasting 45-60 seconds.

We have used the following metrics used in [13] and [31]
to evaluate the performance of various methods, on the above

TABLE III
RESULTS OBTAINED FOR A18ROBOTICS DATASET.
Method SCS SC BC mloU
SITSSCD | 36.85 14.16 59.54 29.54
Ours 43.23 27.85 58.62 44.25

stated datasets.

e Mean Intersection over Union (mlIoU): Indicates the
ability of the method to predict the correct semantic
segmentation, irrespective of change.

o Binary Change (BC): Depicts how well a method
predicts semantic change.

o Semantic Change (SC): Focuses on semantic predic-
tion for pixels where a change actually occurs.

o Semantic Change Segmentation (SCS): The average
of BC and SC.

A high mloU indicates that the method predicts segmentation
maps closer to the ground truth. A high SC indicates that
pixels where change occurs truly are predicted correctly. A
high BC indicates that more correct changes are detected by
the method. A high SCS indicates the overall capability of
the model to predict semantic labels and changes correctly.
We use SCS as our parameter for comparison of models
during training as well as in testing results.
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TABLE IV
RESULTS OBTAINED WHEN NOISE FROM X ~ N(U, ].) IS ADDED IN THE TEST SET

Dataset DynamicEarthNet MUDS A18Robotics

Method SCS SC BC mloU SCS SC BC mloU SCS SC BC mloU
SITSSCD 16.02 21.71 10.32 39.92 5.78 11.42 0.14 59.07 14.52 6.99 26.48 20.12
Ours 18.54 26.17 10.91 42.72 13.84 2541 2.26 62.64 20.40 9.40 31.34 23.54

The DynamicEarthNet and MUDS datasets are tested using weights obtained from the no-domain-shift setting.

B. Results and Discussions

Results of our proposed approach are compared with
SITSSCD [31] in Table I, II, III, IV and V. Fig. 3 depicts the
output of our method and ground truth with semantic labels
for different images taken from MUDS, DynamicEarthNet
and Al18Robotics dataset. In Fig. 3 images 1 and 2 are
taken from MUDS dataset, images 3 and 4 are taken from
DynamicEarthNet dataset and images 5 and 6 are taken from
A18Robotics dataset. The class labels for each datasets are
represented below the images of respective dataset.

TABLE V
ACCURACY ACHIEVED ON DIFFERENT DATASETS ON DIFFERENT
TRAINING METHODS.

Dataset [ DynamicEarthNet [ MUDS [ A18Robotics
Method Accuracy
SITSSCD 63.59 74.83 41.67
Ours 65.27 78.92 49.78

For the DynamicEarthNet and MUDS datasets, accuracies are compared
under the no-domain-shift setting.

1) Comparison with SOTA: Table I shows the comparison
of our approach with SITSSCD [31] for DynamicEarthNet
Dataset. Table II shows the comparison of our approach
with SITSSCD [31] for MUDS Dataset. Table III shows
the comparison of our approach with SITSSCD [31] for
Al8Robotics Dataset. Table IV represents the comparison
of our method with when SITSSCD [31] when noise from
Unit Normal Gaussian (X ~ N(0,1)) is added in the
images. Table V shows the accuracies achieved on our
method and SITSSCD [31] for different datasets. Our method
outperforms SITSSCD [13] in the spatial domain shift setting
for DynamicEarthNet, as shown in Table I. All the evalu-
ation metrics are doubled in this case. This improvement
is attributed to the use of spectral attention. Our method
also performs comparably in no domain shift settings. For
the MUDS dataset in Table II, we get a high score for BC
and mloU in spatial domain shift settings which depicts our
methods capability find change and semantically segment the
image in a better way. Our method performs similarly to
SITSSCD [31] in the no domain shift and temporal domain
shift settings. Table III depicts that our method performs bet-
ter than SITSSCD [31] in SCS (Semantic Change Segmen-
tation), SC (Semantic Change) and mloU (Mean Intersection
over Union) while for BC (Binary Change) the results are
similar. Table IV depicts that our method is robust to various
types of changes which can add noise in the images. For
DynamicEarthNet and MUDS dataset the performance of our
method do not degrade much as compared to SITSSCD [31]
when noisy images are tested on weights of no domain shift

training method. For A18Robotics dataset our methods per-
forms better than SITSSCD [31]. We compare the accuracies
of different methods in Table V, our method gives accurate
labels than SITSSCD [31] for DynamicEarthNet, MUDS and
A18Robotics dataset. The accuracies for DynamicEarthNet
and MUDS dataset are obtained in case of no domain shift
settings.

2) Advantages: From Table I and II we can see that our
method performs pretty impressive on spatial domain shift
settings. This depicts that our method is robust to changes in
environment during real world applications. In [31] authors
have mentioned that the value of binary change scores are
very low in almost all their training cases because there are
very few changes present in DynamicEarthNet and MUDS
dataset. This is observed in Table I and II in our case
also. But for A18Robotics in Table III we observe a high
binary change compared to semantic change. This shows our
methods ability to adapt to real world street level scenarios
where the changes present are large in number. Table IV
depicts our methods’ ability to sustain performance when
there is a noise in images or videos which is generally the
case in real world applications due to weather, seasons and
time of the day when images or videos are captured. We
trained our method on satellite and indoor lab images. Our
method yields strong results in both the cases, which can be
further adapted for drone based scene change detection in
future.

V. CONCLUSION

A spectral attention network has been designed for se-
mantic change detection across both satellite and street
environments. Our approach significantly enhances the ro-
bustness of existing methods, particularly in the presence
of domain shifts. Experimental evaluations show that our
method outperforms existing techniques in scenarios with
no domain shift and spatial domain shift while achieving
comparable performance in temporal domain shift settings.
Moreover we introduce a novel benchmarking dataset for
indoor environmental scene change detection, characterized
by densely occurring changes, making it highly relevant to
real-world applications. Furthermore, the versatility of our
method in both satellite and street-level change detection
opens avenues for adaptive, efficient, drone-based monitoring
systems.
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