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Abstract

Urban change is a constant process that influences the per-
ception of neighbourhoods and the lives of the people within
them. The field of Urban Scene Change Detection (USCD)
aims to capture changes in street scenes using computer vi-
sion and can help raise awareness of changes that make it
possible to better understand the city and its residents. Tra-
ditionally, the field of USCD has used supervised methods
with small scale datasets. This constrains methods when ap-
plied to new cities, as it requires labour-intensive labeling
processes and forces a priori definitions of relevant change.
In this paper we introduce AC-1M the largest USCD dataset
by far of over 1.1M images, together with EMPLACE, a self-
supervising method to train a Vision Transformer using our
adaptive triplet loss. We show EMPLACE outperforms SOTA
methods both as a pre-training method for linear fine-tuning
as well as a zero-shot setting. Lastly, in a case study of Am-
sterdam, we show that we are able to detect both small and
large changes throughout the city and that changes uncov-
ered by EMPLACE, depending on size, correlate with hous-
ing prices - which in turn is indicative of inequity.

Introduction
Visual Urban Analytics (VUA) approaches have over the last
decade shown potential to identify socio-economic inequity
by combining computer vision techniques with street view
imagery (Suel et al. 2019; Naik et al. 2017). It has been
shown that visual appeal affects citizen well-being through
aspects such as greenery (Li et al. 2015), perceived safety
(Naik et al. 2014; Ordonez and Berg 2014), or liveliness
(Dubey et al. 2016), as well as more direct definitions of
liveability (Joglekar et al. 2020; Muller et al. 2022; Batty
2019). Proposed approaches predict either objective socio-
economic metrics (Suel et al. 2019, 2021; Law, Paige, and
Russell 2019) or subjective perceived attributes (Naik et al.
2014; Dubey et al. 2016) and show potential to support mu-
nicipalities to keep a grasp on the state of their neighbour-
hoods (Alpherts, van Noord, and Ghebreab 2023). However
all these approaches are static as they use a single tempo-
ral datapoint, i.e., a single image per location. As a conse-
quence, a concept that is underexplored in VUA is the notion
of urban change. Cities are constantly changing; expanding
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Figure 1: Examples of various urban changes in Amsterdam
uncovered through EMPLACE.

by adding new neighbourhoods and buildings, whilst exist-
ing environments decay and get renovated. Many of these
changes require permits or are initiated by the municipality,
which leads to awareness of these changes. However, there
are also many changes to the urban environment that the mu-
nicipality is not aware off - changes which can be predictive
of the condition of the urban environment.

In fact, recent works within VUA have shown the re-
lationship between urban change and socio-demographic
data, by investigating how socio-economic indicators predict
neighbourhood improvement (Naik et al. 2017) or propos-
ing methods to use computer vision to detect building con-
struction (Huang et al. 2024). The latter of these two ap-
proaches falls within the field of Urban Scene Change De-
tection (USCD), a subfield of computer vision that revolves
around finding changes in sets of street view images. To fur-
ther investigate the relationship between urban change and
socio-demographic data we aim to extend VUA using USCD
methods to explore visual changes in neighbourhoods. Un-
fortunately, current USCD methods are not well-equipped
for this. USCD has mostly been used for specific domains
such as detecting tsunami damage (Sakurada and Okatani
2015) or autonomous driving (Alcantarilla et al. 2016), lim-
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iting their broader use within cities. Moreover, the existing
datasets for USCD are relatively small, and use a variety of
labelling techniques such as pixel-wise annotations (Saku-
rada and Okatani 2015; Alcantarilla et al. 2016), further lim-
iting direct application or adaptation of existing methods.

To study urban change from a VUA perspective it is nec-
essary to detect change at scale throughout the entire city,
whilst taking into account that the urban landscape differs
tremendously between cities. This domain shift between
cities is a challenge for existing USCD methods as they gen-
erally focus on discrete change, such as a building being
constructed (Huang et al. 2024), which requires extensive
manual labeling and an a priori definition of what is con-
sidered change. To overcome these limitations we propose a
self-supervised learning approach that learns to detect urban
change from unlabeled panoramic images.

To enable self-supervised learning at city-scale we built
the AC-1M (Amsterdam Change) dataset of over 1.1M im-
ages, the largest USCD dataset by a significant margin.
Furthermore, we propose EMPLACE, a self-supervised ap-
proach using an adaptive triplet loss that learns local change
features without the need for labelling procedures while be-
ing robust to fleeting changes such as cars, people, and light-
ing. We evaluate its efficacy as a pre-training method for lin-
ear fine-tuning and zero-shot, and find we outperform SOTA
models in both settings. By using EMPLACE we overcome
the need for costly labelling processes thereby allowing our
model to capture the full extent of change across the urban
landscape. Our contributions are as follows:
1. We build the AC-1M, the largest Urban Scene Change

Detection dataset to date containing over 1.1M panora-
mas curated to be within a single meter of each other.

2. We introduce tEMPoraL urbAn Change lEarning (EM-
PLACE), a self-supervised method for learning change
detection features robust to noise such as weather, peo-
ple, and cars. We demonstrate EMPLACE’s potential in
a zero-shot setting and as a pre-training method.

3. In a case study of Amsterdam we show that EMPLACE
can find visual elements of change without an a priori
definition of what constitutes it. We uncover both small
and large visual elements and show that the size of vi-
sual change correlates differently with housing prices,
demonstrating that visual change is indicative of socio-
economic variation across cities.

Related Work
Visual Urban Analytics
The field of Visual Urban Analytics has a myriad of stud-
ies that have shown that neighbourhood visuals provide in-
sight into socio-economic indicators such as mean income
(Suel et al. 2019), housing prices (Law, Paige, and Rus-
sell 2019) or voting patterns (Gebru et al. 2017), as well
as human perception such as liveliness (Dubey et al. 2016),
scenicness (Seresinhe, Preis, and Moat 2017), uniqueness
(Ordonez and Berg 2014), or perceived safety (Naik et al.
2014). While the predictive capability of these methods is
solid, they use black box techniques and as such cannot un-
cover specific visual elements that influence socio-economic

inequity (Alpherts, van Noord, and Ghebreab 2023). More
useful examples such as trash detection (Sukel, Rudinac,
and Worring 2020), pothole detection (Ma et al. 2022; Koch
and Brilakis 2011), or quantifying greenery (Seiferling et al.
2017) exist, but they are supervised: Using a predefined no-
tion of what is considered an important element. By ap-
proaching VUA through USCD we could get closer to un-
covering new visual elements that potentially influence the
condition of a neighbourhood.

Urban Scene Change Detection
The current field of USCD revolves around a supervised
and bi-temporal paradigm: datasets consist of two images
per location, taken before and after a change, which have
been labelled with a segmentation map where change has
taken place (Varghese et al. 2018; Zhao et al. 2019; Chen,
Yang, and Stiefelhagen 2021; Lei et al. 2021). Commonly
used datasets include: The PCD, consisting of 200 images
of tsunami-damaged areas in japan, and the VL-CMU-CD
(Alcantarilla et al. 2016), consisting of 1362 images used
in autonomous vehicle navigation. Both are too narrow in
scope and too small for self-supervised learning.

Furthermore the PCD, or its successor the PSCD (Saku-
rada 2018), are bi-temporal with aligned panoramas. In a
real-world environment, over multiple years, panoramas are
often misaligned due to in-the-wild differences in driving
patterns of the capturing vehicle. As we are sampling our
images from a real world distribution, our panorama distri-
bution also has this misalignment requiring our method to be
robust to the resulting visual noise. Finally, while panorama
datasets for Amsterdam have been created before, they only
consist of a single image per location and as such do not fit
our task (Ibrahimi et al. 2021; Yildiz et al. 2022).

The CityPulse dataset is the only USCD dataset with mul-
tiple images per location consisting of 4465 square view-
point images of places with building permits. However, this
dataset is still bi-temporal and supervised: consisting of
pairs of images with a binary label for whether a building
has been constructed or not. We refer to this notion of bi-
nary prediction as discrete change prediction.

Attempts at steering away from supervision exist: Weakly
supervised training has been employed in (Sakurada 2018)
but this is an extrapolation of an existing labelled dataset.
Self-supervised pre-training has been employed by (Ramku-
mar, Arani, and Zonooz 2022) but revolves around training
on augmented images from a supervised dataset. We con-
tribute a large scale (1.1M) unsupervised dataset with multi-
ple images per location, as well as a self-supervised method
for learning change features without labels.

Method
Our goal is to learn to detect arbitrary change between two
images taken at the same location in an unsupervised man-
ner. We hypothesize that when presented with three images
taken at the same location, on average, images closer in
time will exhibit less change than images further away. As
such we introduce EMPLACE, a self-supervised learning
method for learning visual representations using an adaptive

1738



triplet loss. In the following, we describe the construction
of the training dataset, the mining of triplets, and the adap-
tive triplet loss. Lastly we will also describe our method for
evaluating our model’s capability to detect change.

Construction of the AC-1M Dataset
Given a time series at location i of n panoramic im-
ages p(i) = (p

(i)
1 , p

(i)
2 , ..., p

(i)
n ) such that p(i)k corresponds

to timestamp t
(i)
k , we aim to capture change in a self-

supervised manner following the principle that on average
p
(i)
a and p

(i)
b should show less change than p

(i)
a and p

(i)
c for

t
(i)
b − t

(i)
a < t

(i)
c − t

(i)
a . As such we build a dataset of clusters

of three or more panoramas taken at the same location. Cur-
rently, no large-scale tri-temporal change detection dataset
exists for this purpose, thus we created a new dataset called
the AC-1M: A dataset of panorama clusters taken within a
metre of each other, we show an example in Figure 2.

The AC-1M is constructed through a clustering and
selection procedure applied to the Amsterdam Panorama
Database: a collection of 6M panoramas taken in Amster-
dam from 2016 to 2022. The steps taken to extract clusters
are as follows:

1. The city is divided into polygons of its 386 neighbour-
hoods to reduce the computational complexity of clus-
tering. All polygons are dilated by five metres to ensure
clusters on the polygon edge are included.

2. For each polygon, the GPS coordinates of all panoramas
within it are retrieved and candidate clusters are calcu-
lated using the DBSCAN (Ester et al. 1996) algorithm
with a radius of 1 metre and the minimum amount of
samples for a cluster to be considered set at n = 3.

3. For each candidate cluster, the cluster centre is used to
retrieve all panoramas within a radius of 1 metre. This
to ensure no images appear in multiple clusters. Clusters
on water are excluded as well as clusters with multiple
height values (due to tunnels).

4. Post-processing is applied by discarding the bottom 800
pixels to remove the capture vehicle. This results in
panoramic images of 4000 x 1200. The heading parame-
ter is then used to rotate all panoramas in the same direc-
tion after which a black rectangle is placed to block out
the car antenna at the front and back of the vehicle, as
can be seen in Figure 2. As the capturing vehicle was re-
placed over the years the antenna may otherwise induce
a spurious correlation when predicting change.

The initial collection of 6M panoramas is reduced to 1.1M
panoramic images of 4000 x 1200 pixels assigned to 254k
clusters forming the AC-1M. This is an order of magnitude
larger than existing datasets for USCD (≤5000 images). A
visualisation of the clusters plotted on a map of Amsterdam
is shown in Figure A.1 in the Appendix. A comparison of
datasets is shown in Table 1. The average image per cluster
is 4.29 and the median images per cluster is 4. Both the poly-
gons and the panoramas are available from the Amsterdam
Municipality API. The details on how to retrieve the AC-1M
will be available at github.com/Timalph/EMPLACE.

Figure 2: Example of a cluster from the AC-1M. From top
to bottom images taken on 08-08-2016, 30-07-2018, 12-05-
2022. Subtle changes happen over time such as the redoing
of the roof on the left, the building of the fence on the right,
and the chopping of the tree in the middle.

Dataset # Images # Locations
TSUNAMI 200 100

PSCD 1540 770
CityPulse 4465 371

AC-1M (Ours) 1087047 254911
AMS-Buildings (Ours) 2354 404

AMS-Trees (Ours) 1374 273

Table 1: Comparison of USCD datasets.

Triplet Mining and Loss
To train on the AC-1M we use a triplet loss in combina-
tion with three images: an anchor, a positive, and a nega-
tive image, where the anchor and positive image are closer
together in time than the anchor and negative image. Note
that positive and negative describe the distance in time to
the anchor, and not whether labelled change is present in the
images. This allows the model to learn visual change in a
self-supervised way, relying on the temporal difference as
the training signal. We mine triplets from our set of clusters
where a triplet consists of three images where:

∆AP < ∆AN (1)

where ∆AP = t(i)pos − t(i)anc (2)

∆AN = t(i)neg − t(i)anc (3)

∆PN = t(i)neg − t(i)pos (4)

which results in the amount of triplets that can be mined
from a cluster of size n being

(
n
3

)
. Note that for all triplets:

t(i)anc < t(i)pos < t(i)neg
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Figure 3: Overview of the model architecture. Image triplets
perform a forward pass through a Siamese backbone with
DINOv2 weights to calculate the cls tokens. The image
dates are used to calculate the margin α. The cls tokens and
margin α are used to calculate the adaptive triplet loss.

The full set of possible mined triplets is 2 million. For our
purposes these triplets are filtered along certain constraints
to steer them towards capturing meaningful changes. For ex-
ample, by restricting the anchor and positive image to be
within thirty days of each other, and the anchor and neg-
ative image to be more than three years apart. Note that
this method allows the model to naturally become robust to
changes in weather and lighting conditions.

To train using these triplets we use an adaptive triplet loss
as shown in Eq. 5 where the margin α is defined in Eq. 6.
We use a scaling margin as the observed changes are not
linear with respect to time, as sudden changes can occur in
between images. For images taken close together we often
find that there is no change, whereas if there are multiple
years in between images there may be many large changes.
Yet, this process of change is typically not gradual but rather
happened as a sudden jump in between two images.

L(p(i)anc, p
(i)
pos, p

(i)
neg) = max(||f(p(i)pos)− f(p(i)anc)||2

−||f(p(i)neg)− f(p(i)anc)||2 + α, 0) (5)

α =


0.5 ∗

(
∆PN

365

)2
if ∆PN < 365

∆PN

365 − 0.5 else
(6)

Model
For our transformer model we use ViT-B/14 initialised with
DINOv2 weights (Oquab et al. 2024) as it has been shown
to outperform other methods by a comfortable margin on the
task of USCD (Huang et al. 2024). Our images are down-
sized to 700x210 for analysis, which results in the use of
14x14 patches that divide the image into a sequence length
of 751, including the cls token. An overview of the model
architecture is shown in Fig 3.

∆AP ∆AN # of triplets
SI-1 1 < x < 31 375 < x 14361
SI-2 275 < x < 475 750 < x 77125
SI-3 275 < x < 475 1125 < x 36384
SI-4 275 < x < 475 1500 < x 13344

Table 2: Distances in days between the anchor and positive
image, and anchor and negative image for different SI se-
tups.

Figure 4: An example of cut-and-flip data augmentation.

During training we introduce a new data augmentation
step we call cut-and-flip augmentation: Panoramas differ
from regular images in that they are circular. They consist of
images taken in four directions of a capturing vehicle that are
projected to a visual space where the horizontal axis of the
image is circular and periodic. We enforce this visual nature
through cut-and-flip augmentation where given a triplet, a
random vertical cut is made and the cut images are swapped
around. An example of cut-and-flip is shown in Figure 4.

To conclude, each training iteration consists of: 1) a for-
ward pass of a triplet where the triplet loss is calculated ap-
plied to the euclidean distances of the resulting cls tokens, 2)
a forward pass with the cut-and-flip augmented triplet, and
3) a backward pass performed using the cumulative loss.

Experiments and Evaluation
In this section we will describe our procedure for training
on the AC-1M, the parameters, and our evaluation proce-
dure through order prediction. We will then describe our
method for discrete change prediction, the models we eval-
uate against, and the creation of two new discrete change
detection datasets: AMS-Buildings and AMS-Trees.

Training EMPLACE
We randomly split the AC-1M dataset into a training, vali-
dation, and test set using a 70/20/10 split. This split is per-
formed by cluster, which means every cluster only appears
in one set. We decide on triplet constraints by calculating
the SI, or Sampling Interval, which is 375 days. This corre-
sponds to the median time between images in clusters of the
AC-1M. We use the SI to evaluate four training setups: SI-1,
SI-2, SI-3, SI-4 where the number is used to describe ∆AN

in SI. For our setups ∆AP is between 275 and 475 days, ex-
cept for SI-1 in which it is between 1 and 31 days. The lower
bound of ∆AP is always more than 1 day to ensure the task
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(a) AMS-Buildings (b) AMS-Trees

Figure 5: Examples of cluster and image pairs from AMS-
Trees and AMS-Buildings.

does not become too easy. These training setups, alongside
the number of triplets after filtering are shown in Table 2.
For each SI setup we train a ViT-B/14 using the adaptive
triplet loss and cut-and-flip augmentation. We use the Adam
optimizer with a learning rate set to 10−5, a batch size of
64, and grad norm set to ≤ 0.5. Training and evaluation was
conducted on 4 NVIDIA GeForce GTX 1080 Ti GPUs.

Order Prediction
To evaluate model accuracy and capability to detect change
on the validation and test set we introduce the task of order
prediction. Where the model is presented with a triplet and
has to place the positive and negative image in the right tem-
poral order based on euclidean distance to the anchor. We
utilize early stopping if the accuracy has not improved for
five epochs. While the validation set consists only of triplets
using the same SI setup as the training set, after training we
also evaluate every SI training setup on the test sets of other
SI setups as well as on all test sets combined.

Evaluating Discrete Change
After training our EMPLACE model in a self-supervised
manner, we also evaluate the performance of EMPLACE on
discrete change prediction as introduced by (Huang et al.
2024). In this setting the model is presented with two view-
point images and is tasked to predict whether change has
occurred. This task is supervised and as such we will de-
scribe the construction of two labelled datasets for this pur-
pose, the linear head necessary to turn the cls prediction into
a discrete output, fine-tuning setup, training parameters, and
backbones we test alongside EMPLACE.

AMS-buildings and AMS-Trees
To evaluate EMPLACE on the task of discrete change pre-
diction we construct two labelled datasets using the same
method as (Huang et al. 2024), the SOTA method for evalu-
ating discrete change prediction: AMS-Buildings and AMS-
Trees. Both datasets are constructed from the AC-1M test
set to ensure the images are not seen by EMPLACE dur-
ing training. AMS-Buildings contains 2327 image pairs with

Figure 6: Heatmap comparison. Top two rows show the im-
ages between which the heatmaps are computed. Row three
is ImageNet, row four is after training for discrete change,
row five is zero-shot EMPLACE.

Test set

Tr
ai

ni
ng

Se
tu

p SI-1 SI-2 SI-3 SI-4 All
SI-1 .975 .683 .726 .742 .744
SI-2 .959 .903 .948 .978 .936
SI-3 .926 .834 .937 .981 .900
SI-4 .895 .771 .846 .952 .840

✗ .709 .591 .602 .624 .616

Table 3: Results for EMPLACE on the task of order pre-
diction, with the training setup in the form of SI-X on the
y-axis, and the test set on the x-axis. The last column is the
cumulative score on all test sets normalized by test set size.
The last row shows the performance without training, or a
ViT-B/14 model with DINOv2 features.

change and 1815 without. AMS-Trees contains 1157 with
change, and 1084 without. Examples of images from both
datasets are visible in Figure 5, while comparisons to ex-
isting datasets are shown in Table 1. Both datasets will be
available at github.com/Timalph/EMPLACE.
Training setup We test the performance of EMPLACE as
a pre-training method on the AMS-Buildings and AMS-
trees by splitting both datasets into train, validation, and test
sets following a 70/20/10 split and fine-tune the EMPLACE
model that scores best on order prediction to perform dis-
crete change prediction. We use a Siamese network with
EMPLACE as the twin backbone model to compute the cls
tokens of an image pair and concatenate them into a final
layer to transform the input into a scalar prediction as shown
in Eq. 3 in (Huang et al. 2024). We assess the performance
of EMPLACE by comparing it to three pre-trained back-
bone models: ResNet101 (He et al. 2015), DINOv2 (Oquab
et al. 2024), and CLIP (Radford et al. 2021). We fine-tune all
models on both the AMS-Buildings and AMS-Trees. We use
the Adam optimizer with a learning rate set to 10−5, a batch
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Buildings
Model Pre-Training Acc Prec Rec F1

ResNet101 ✗ .647± .013 .709± .007 .851 ± .029 .772± .011
CLIP ✗ .706± .023 .74± .027 .775± .026 .755± .019

DINOv2 ✗ .701± .023 .764± .02 .798± .027 .778± .014
EMPLACE SI-2 .732± .031 .802± .04 .792± .031 .794 ± .016

EMPLACE zero-shot SI-2 .761± .025 .792± .027 .718± .074 .75± .037
EMPLACE zero-shot SI-4 .781 ± .022 .840 ± .031 .703± .058 .763± .031

Trees
Model Pre-Training Acc Prec Rec F1

ResNet101 ✗ .705± .046 .600± .111 .819± .067 .676± .071
CLIP ✗ .74± .037 .686± .124 .759± .083 .7± .058

DINOv2 ✗ .762± .028 .758± .116 .739± .088 .732± .051
EMPLACE SI-2 .855 ± .003 .853 ± .007 .924 ± .007 .885 ± .001

EMPLACE zero-shot SI-2 .765± .033 .803± .062 .752± .068 .773± .038
EMPLACE zero-shot SI-4 .764± .026 .799± .029 .718± .073 .753± .036

Table 4: Results on AMS-Buildings and AMS-Trees. Best scores are shown in bold.

size of 16, grad norm set to ≤ 0.5, and early stopping after
not having improved for 3 epochs. Training and evaluation
was conducted on 1 NVIDIA GeForce GTX 1080 Ti GPU.
We report the means and standard deviations of 10 runs with
different seeds on the test set.

Visualising Change Detections
As our EMPLACE model has learned features for change
detection during training we can compute a heatmap by us-
ing the euclidean distance between the token output of the
Vision Transformer for zero-shot change prediction. An ex-
ample of these heatmaps is shown in Figure 6. Our method
for zero-shot change prediction therefore consists of moving
a window over the image, and calculating the mean value of
the euclidean distances in the patches of the window. If any-
where on the heatmap this mean value is above a certain
threshold we output a detected change, and output no detec-
tion if otherwise. The optimal threshold and window size are
both learned solely on the validation set.

Results
Order Prediction
Order prediction is the task of putting two images in the
correct temporal order with respect to an anchor image. As
such, we consider this a simple evaluation method to eval-
uate the change detection properties of USCD models. The
results for the order prediction task are shown in Table 3.
We see that SI-2 EMPLACE (EMPLACE trained on SI-2)
scores best overall by quite a large margin. Presumably this
is because SI-2 EMPLACE has the hardest setup, relatively
having the closest temporal distance between positive and
negative images. The performance of SI-2 EMPLACE on
the SI-3 test set, as well as high scores on the SI-1 and SI-4
test sets also indicate that SI-2 EMPLACE is most robust to
visual noise present in urban images, and as such has learnt
visual change most effectively. We see that while SI-1 EM-
PLACE outperforms the other models on its own test set,

this performance does not generalize to other test sets indi-
cating that the training objective of SI-1 EMPLACE is too
easy: in SI-1 EMPLACE both anchor and positive image are
taken during the same season, which is not the case for the
other setups. Another interesting result is that SI-4 underper-
forms SI-2 and SI-3 on its own test set, seemingly indicating
that the training set of SI-4 suffers from being too small; The
stricter our triplet constraints are, the smaller the training set
will be. Lastly, we see that this task is not trivial, as without
training the model scores only .616 across all test sets.

Discrete Change Evaluation

The results of the discrete change evaluation experiments on
the AMS-Buildings and AMS-Trees are shown in Table 4.
We see that EMPLACE pre-training outperforms vanilla
backbones when fine-tuned on both AMS-Buildings and
AMS-Trees. We also see that the margins are higher on
the AMS-Trees dataset. We assume this is due to change
regarding trees being much more present in the AC-1M,
while building construction is more scarce. We also observe
that EMPLACE zero-shot actually outperforms the Siamese
backbone on accuracy and precision on the AMS-Buildings.
Furthermore, EMPLACE SI-4 zero-shot performs better
than EMPLACE SI-2, potentially indicating that a larger
∆AN forces the model to rely more on the built environ-
ment. The fine-tuning results indicate that EMPLACE is
able to learn domain specific features about the Amster-
dam that increase its performance on change detection tasks.
The zero-shot performance indicates that the change de-
tection task is also adequately doable without supervision.
Lastly, we perform two additional studies: the first is an
ablation study to evaluate the utility of the adaptive triplet
loss and cut-and-flip augmentation, the results are shown in
Appendix Table A.1. The second is a study on whether our
method’s performance is biased towards locations that show
more change, the results of this are shown in Appendix Ta-
ble A.2.
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(a) σ of Detected Small Changes per Neighbourhoods (b) σ of Detected Large Changes per Neighbourhoods

Figure 7: Detected small and large changes per neighbourhood. On the left the small changes are concentrated in the city center
and show a positive correlation with housing prices. On the right the large changes are mostly found in the outskirts around
large building projects in the North and West, showing a negative trend when plotted against housing prices.

Case Study

In addition to model comparison we also perform a case
study to determine what visual elements of change exists
throughout the full urban landscape of Amsterdam. We show
how we can uncover different types of change without a pri-
ori definition of what constitutes relevant change. Finally,
we distinguish between large and small visual change and
show how this type of visual change correlates differently
with a socio-economic indicator in the form of housing
prices, illustrating how citizens of varying socio-economic
backgrounds are potentially influenced by change in differ-
ent ways.

Change Detection Setup

We run EMPLACE SI-2 on the entire Amsterdam test set
and perform zero-shot change detection on the heatmaps
on all pairwise comparisons in each cluster. The detection
threshold above which we consider the token distance to
constitute change is taken from the zero-shot experiments
on AMS-buildings and AMS-Trees: We use the window size
that performed best for the zero-shot runs for SI-2 in Table 4,
which is 8x8. Of the 10 runs for which the zero-shot score
was calculated, we take the maximum threshold value. We
perform pairwise comparisons on all clusters in the AC-1M
test set, and restrict our detections to 1 per image pair. This
results in 889 detections on the 25k clusters of the AC-1M
test set.

For small visual change, we cannot simply reduce the
window size as the detection could then also be part of a
larger change. As such we consider small visual change to
be captured in 2x2 tokens, and not spill over to other neigh-
bouring tokens. To capture these small changes, we perform
a convolution operation to ensure the average of the tokens
in a window is above the threshold value, while also being
at least 120% larger than each of the surrounding tokens.
Note that due to perpendicularity the tokens on the left and
right side of the images wrap around. This results in 35177
detections on the 25k clusters of the AC-1M test set. Exam-
ples of retrieved small and large changes can be found in the
Appendix in Figure A.2 and Figure A.3 respectively.

Correlation with Socio-Economic Indicators
To link the found changes to a socio-economic indicator we
use the housing price dataset of (Groenen, Rudinac, and
Worring 2022). The housing prices are available in a bin
system for each “wijk” a cluster of neighbourhoods, which
gives us 98 datapoints. We aggregate the changes per neigh-
bourhood and show them in Figure 7. We observe that for
small changes, there is a positive correlation with hous-
ing prices with an R2 of .41 and a p value near 0. For
large changes, we observe a negative trend. Because the R2

is 0.09, we can not point to a negative correlation. How-
ever, the fact that the same correlation that holds for small
changes does not hold for large changes points to the fact
citizens of neighbourhoods with differing socio-economic
demographics are confronted with different types of visual
change. While small change happens mostly in the center of
the city, large changes exist in the outskirts, where housing
projects are being built on a continuous basis.

Conclusion
Our goal was to detect change throughout the city of Am-
sterdam. We built three datasets including AC-1M, the
large USCD dataset to date, and built EMPLACE, a self-
supervised method to learn strong change detection fea-
tures. We introduced a triplet loss, cut-and-flip data aug-
mentation, and an evaluation method in the form of order
prediction and showed that EMPLACE was able to outper-
form SOTA methods for discrete change detection as a pre-
training method for both buildings as well as trees. Addition-
ally, we showed that EMPLACE was able to generate more
distinct change heatmaps and that zero-shot change predic-
tion scored high enough to detect various urban changes
within Amsterdam.

In addition, we performed change detection on the en-
tirety of Amsterdam, uncovered large and small visual
changes, and showed that, in Amsterdam, expensive neigh-
bourhoods are more likely to experience small visual
change, while the inverse is true for large visual changes. We
believe our work paves the way for a direction of USCD, and
VUA by extent, that tries to uncover visual changes without
an a priori definition of what to look for and can therefore
be used more directly to investigate urban environments.
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