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A B S T R A C T

Despite significant progress in 3D deep learning for tasks such as clas-
sification and semantic segmentation, robust change detection tech-
niques for complex, coloured environments have not been developed.
This is in part due to the absence of labelled change detection datasets
and the inherent difficulty of constructing such datasets despite the
abundance of unlabeled data. Flow Compare is a fully unsupervised
approach that leverages expressive generative models with iterative
attention trained on multi-temporal coloured point clouds. Change
detection is achieved by reframing the problem as anomaly detec-
tion given a learnt conditional distribution. Training pairs are formed
by co-registered multi-temporal extracts from coloured point cloud
scenes. The inherent class imbalance due to the rarity of semantically
important change, which is problematic for supervised approaches,
is here harnessed to guarantee that relevant changes are considered
anomalies under the learnt distribution. This approach shows promise
in detecting not only geometric change but also colour change whilst
being robust to common semantically unimportant change.
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1
I N T R O D U C T I O N

Cyclomedia is a company specializing in the large-scale and system-
atic visualization of environments based on 360° panoramic photographs
(Cycloramas) enhanced by AI-powered analytics. Data is captured
through a proprietary recording system (depicted by figure 2), mounted
to the roof of each vehicle with data capture occurring at 5-meter in-
tervals. At each location, 5 images are subsequently stitched together,
and LiDAR data is captured. This data is then leveraged to provide
services to entities including but not limited to local governments,
utility companies, communication providers, and transportation de-
partments.

Taking for example the case of transportation, reliable data capture
replaces the need for costly in-person inspections of assets such as
street signs and lamps with remote inspection. While this is a great
improvement it still requires individual inspection of the digital repre-
sentations. Fully automated change detection would allow only assets
flagged as significantly changed to be individually inspected. Since in
most cases the majority of assets do not exhibit significant change this
results in substantial efficiency gains. Geo-databases may also be up-
dated automatically with the full history of objects being tracked over
successive scans.

The majority of research regarding change detection has been fo-
cused on the image domain. Specifically, repeated data acquisition by
remote sensing technologies such as satellites and aircraft have been
leveraged to identify changes of interest. Examples include landscape
monitoring [26], large scale urban change detection and natural dis-
asters [22].

Most recent research in this field leverages the recent developments
in deep learning, utilizing Convolutional Neural Networks (CNN)
to perform change detection. This is done in both a supervised [14,
50] and unsupervised manner [38, 82]. A comprehensive overview of
change detection for images can be gained from the following reviews
[8, 41, 40, 6, 4].

Thanks to the increased availability of mobile mapping systems
(MMS) change detection for 3D data such as point clouds has gar-
nered increased interest. 3D change detection has been applied to a
wide variety of cases including topography [34], natural disasters [18,
64], at small scale [32] and for buildings [5].

Of special interest is change detection for dense urban scenes at the
street level. However, conducting change detection in such an envi-
ronment has significant challenges. These include complex 3D geom-
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introduction 2

etry, occlusion, and density variations. Furthermore, the concept of
change in such an environment is not semantically straightforward,
especially with the inclusion of the colour space. Ideally, geometry
wise the model should be able to detect changes such as the addition
of signs to posts, significant deformation, replaced objects while ig-
noring changes such as the growth of vegetation and noise due to the
data collection process. Colour-wise, the model should detect changes
in posters, painted buildings, and graffiti while ignoring changes due
to weather, time of day, and shadows.

The area of 3D to 3D change detection in complex environments
such as street scenes does not yet, to the best of our knowledge, have
robust methods that can distinguish both colour space, geometric
changes and has not yet seen improvements due to the application
of deep learning as seen in the image domain. This is likely due to
the absence of comprehensive annotated datasets that are required
for supervised learning. Such datasets are hard to construct due to
the work-intensive process of labelling multi-temporal 3D data, often
ill-defined semantics concerning change and the inherent class imbal-
ance between change and no change examples. Additionally, given
the variability of urban environments datasets would have to be spe-
cialized to the target area, further incentivising an unsupervised ap-
proach.

This paper aims to leverage the latest developments in 3D deep
learning in combination with likelihood-based generative modelling
to tackle the deficiencies of current approaches in an unsupervised
way. Specifically, Normalizing Flow models are used to model the
density of the cloud at time t0 and then subsequently evaluate the
likelihood of points at a later time t1. Given this framework, change
detection can be viewed as a form of outlier detection under the orig-
inal learned distribution.
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Figure 1: Flow Compare is a conditional Normalizing Flow architecture that
detects changes in an unsupervised fashion through anomaly de-
tection. Specifically, given point cloud samples at time t0 and later
time t1 the model outputs conditional likelihood p(t1 | t0) from
which change is inferred.

Figure 2: DCR10L mobile mapping system from Cyclomedia Technology.
The main components of this recording system are the cameras,
positioning technology, data processing unit and the LiDAR
system.
Source: https://www.cyclomedia.com/en/product/data-
capture/data-capture

https://www.cyclomedia.com/en/product/data-capture/data-capture
https://www.cyclomedia.com/en/product/data-capture/data-capture


2
B A C K G R O U N D

This section serves as a brief introduction to key methods and con-
cepts that are referred to in the following sections.

2.1 normalizing flows

Normalizing Flows are a technique for learning the distribution of an
unknown variable x ∼ px(x) through mapping from a known distri-
bution z ∼ pz(z). Since the distribution of z is predefined, it is usu-
ally chosen to be a simple distribution such as a Gaussian. In order
for the transformation to be valid the total probability mass of the
original pdf must be preserved. The relation between the densities is
expressed by the change of variables formula, given that the transfor-
mation f : Z→ X is invertible and differentiable the following holds:

px(x) = pz(f
−1(x))

∣∣det Jf(f−1(x))
∣∣−1

(likelihood)

logpx(x) = logpz(f
−1(x)) + log

∣∣det Jf(f−1(x))
∣∣−1

(log-likelihood)

Where Jf is the Jacobian of partial derivatives of the transformation.
For the transformation to be invertible, differentiable it must also be
the case that dimensionality is preserved, z, x ∈ Rd and thus Jf ∈
Rd×Rd In practice, the log-likelihood is usually used whilst training
a Normalizing Flow as it is equivalent and numerically preferable.

Once such a transformation has been learned, one can sample by
first sampling from the known distribution pz(z) and then transform-
ing through f. Model density can then be calculated through the
change of variables formula.

In practice Normalizing Flows are usually constructed by chain-
ing invertible, differentiable blocks parametrized by neural networks.
To preserve these assumptions while still retaining a balance between
computational feasibility and expressivity different architectures have
been proposed including but not limited to coupling blocks [11], au-
toregressive models [30] and continuous-time Flows [7]. A compre-
hensive review has been made by Papamakarios et al. [49]

2.1.1 Coupling Blocks

Coupling blocks [11] are invertible nonlinear layers with efficient Ja-
cobian calculation. This is achieved by splitting the input z into com-
ponents z0, z1 and subsequently transform z0 by an easily invertible
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2.2 flow expressivity & extensions 5

function whose parameters are determined by z1. In this way whilst
the transformation of z1 is invertible, the function that determines
its parameters can be arbitrarily complex and does not need to be
invertible, it is usually parameterized by a fully connected network.
The Jacobian determinant of the transformation is efficiently calcu-
lated due to the triangular Jacobian matrix. A common choice for the
transformation is a simple affine function involving scaling s(z1) and
translation t(z1) terms 3:

z ′1 = z1

z ′2 = s(z1) · z0 + t(z1)

Figure 3: Affine coupling schematic reproduced from [11].

Since only a fixed subset of the input dimensions are transformed
by each coupling block the dimensions must be permuted between
stacked coupling blocks. Originally fixed permutations were used
[11] but due to the inflexibility of these transforms learned generaliza-
tions such as invertible 1× 1 convolutions [28] have been developed.

2.2 flow expressivity & extensions

As Normalizing Flows are bijective maps, input dimensionality must
be preserved. One of the most common applications of Flows is to
the image domain, in such cases multi-scale architectures [11] are of-
ten employed in order to to mitigate the computational cost of high-
dimensional input dimension. On the contrary, in the case of point
clouds the base object being modeled is a single point thus the prob-
lem is that of low dimensionality. Specifically, each colored point is
of dimension 6 with dimensions split between coordinates and color.
Following a strictly bijective Flow in this dimensionality limits the
flexibility of the Flow. Furthermore, the topology-preserving prop-
erty of homeomorphisms dictates that the (complex) topology of the
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data must be preserved while being mapped to the (simple) topol-
ogy of the target distribution [9]. In order alleviate these issues both
augmented Flows and continuously indexed Flows are employed.

2.2.1 SurVAE Flows

In order to incorporate these extensions into a single model, a unified
approach is needed. Such an overarching theoretical and practical
framework is provided by SurVAE Flows: Surjections to Bridge the
Gap between VAEs and Flows [47]. This is a recent work that pro-
vides such a modular framework that connects VAEs and Normaliz-
ing Flows through the notion of surjective transformations. Surjective
transformations here are those that are deterministic in one direction
while being stochastic in the reverse. In the SurVAE framework, each
transformation is characterized by a forward, inverse and correspond-
ing likelihood contribution term. The likelihood contribution term
is used in the calculation of the log-likelihood, needs to be tracked
throughout the composed transformations and in the case of bijec-
tive transformations corresponds to log

∣∣det Jf(f−1(x))
∣∣−1. Surjective

transforms that are utilised are summarily reproduced below for fu-
ture reference, for detailed information one may refer to the original
work.

inference tensor slicing Let f : X→ Z be a tensor slicing sur-
jection that for input X = (x1, x2) has deterministic forward f(x) = x1
and stochastic inverse : f−1(z1) = (z1, z2) where z2 is sampled from
distribution q(z | z1). Such a transform has corresponding likelihood
contribution term −logq(x2 | x1).

generative tensor slicing Let f : X → Z be a tensor slicing
surjection that for input x1 has stochastic forward f(x1) = (x1, z2)
where z2 is sampled from distribution q(z | x1) and deterministic
inverse : f−1((z1, z2)) = z1. Such a transform has corresponding like-
lihood contribution term −logq(z2 | x1).

2.2.2 Augmented Normalizing Flows

Augmented Normalizing Flows [23] address the limitations of low di-
mensionality and complex topologies by first embedding the data in a
higher-dimensional space and subsequently using standard Normal-
izing Flows to model densities in that space. Specifically, independent
noise E ∼ q(E) is generated and then joint density χ× E is modeled.
The distribution q is usually taken to be a simple distribution such
as a standard normal. In the SurVae framework, such an augmented
Flow may be implemented by a generative tensor slicing followed by
bijections in the augmented space.
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2.2.3 Continuously Indexed Normalizing Flows

Continuously indexed Normalizing Flows (CIFs) [10] address the is-
sue of modelling targets with complicated topologies as compared to
the base distribution being transformed, usually a simple Gaussian.
This is done by replacing standard bijections by a continuously in-
dexed family of bijections F(·;u) : Z → χ where the bijection F can
be chosen according to existing Normalizing Flow architectures. The
full transformation is defined as follows:

Z ∼ PZ, U ∼ PU|Z(· | Z), X := F(Z;U)

The authors propose a conditional Gaussian with parameters de-
pending on Z for PU|Z(· | Z) and F(z;u) = f

(
e−s(u) � z− t(u)

)
where

s, t are neural networks and f is an invertible map such as for example
a coupling block.

2.3 attention

The attention mechanism allows neural networks to attend to certain
salient parts of available information while fading out the rest in a
learnable fashion. This mechanism is at the core of transformer mod-
els, pioneered by Vaswani et al. [67] in the field of NLP and continues
to be a core component of SOTA models whilst also seeing increas-
ingly widespread use. In computer vision such mechanisms allow
processing to be focused on specific images or local sub regions of a
single image [2, 2]. Attention mechanisms are generally implemented
as a function of query and a set of key-value pairs. Intuitively this can
be thought of as generating a query, calculating how well the query
matches each key and then summarizing the values accordingly.

2.3.1 Dot-Product Attention

Scaled dot-product attention [67] involves matrices Q,K,V of dimen-
sions dk,dk,dv respectively. These are usually generated via fully
connected networks. Compatibility of the query and keys is calcu-
lated through dot products, implemented via matrix multiplication.
The resulting values are then normalized via a softmax function and
used as weights of the weighted sum of the values. Before applying
the softmax the values may also be divided by

√
dk in order to avoid

small gradients due to the shape of the softmax function at large in-
put values, resulting in Scaled Dot-Product Attention.

A(Q,K,V) = softmax(QKT )V (Dot-Product Attention)

A(Q,K,V) = softmax(
QKT

√
dk

)V (Scaled Dot-Product Attention)
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2.3.2 Cross & Self Attention

Apart from the method used to calculate key-query similarity and
the subsequent summarization, attention implementations can differ
as to how the matrices Q,K,V are produced.

Self-attention is an attention mechanism that relates each entry in
a sequence to each other in order to compute a representation of the
same sequence. It has been shown to be very useful in machine read-
ing, abstractive summarization, and image description generation.

Cross attention on the other hand is a method by which the keys
are generated from a different source rather than from the sequence
itself. This has been used for example in the case of modality fusion
where information from one modality generates attention maps for
the other modality [45, 35].



3
L I T E R AT U R E R E V I E W

3.1 change detection

Methods have been proposed to detect geometric changes in street
scenes through solely imagery [37][62], and also a combination of
point clouds and imagery [54, 66].

There has been limited work regarding the use of exclusively point
clouds to conduct change detection for street scenes. Xiao et al. [75]
detect change by comparing occupancy. Tsakiri, Anagnostopoulos
[65] utilize point correspondence relations computed through near-
est neighbour and iterative closest point algorithms.

There are also general distance-based approaches such as those of
Palma et al. [48] and Montaut et al. [19] that can be applied to this do-
main. The former uses the comparison of multi-scale, context-aware
shape descriptors. The latter employs an octree-based strategy, with
cell wise distances being computed based on different distance met-
rics, the most accurate results being obtained with the Hausdorff met-
ric.

More recently Tao Ku et al. [33] introduced a street furniture fo-
cused coloured point cloud dataset created as part of the present
work. While the better performing of the two supervised methods,
graph neural network-based SiamGCN performs well, creating more
comprehensive datasets as would be needed for use in production
would likely prove problematic. The distance-based approach PoCha-
DeHH performs relatively poorly on the set challenge and due to
the lack of a learning component necessarily suffers the associated
limitations of handcrafted methods.

The focus on geometric change and the lack of learning-based ap-
proaches, especially when seen in the light of the recent use of deep
learning in the image space provides a clear motivation for exploring
different approaches in 3D to 3D change detection.

3.2 deep learning on point clouds

Two key tasks of point cloud understanding are that of classification
and segmentation. The former corresponds simply to a classification
of the point cloud as a whole while the latter is a point-wise classifi-
cation.

The adaptation of classic network architectures from 2D images to
3D point clouds is challenging due to the inherent irregularity and
unordered nature of 3D points.

9



3.3 point cloud classification 10

3.3 point cloud classification

Earlier methods proposed various approaches to project the point
clouds to 2D space to then utilize classical convolutional networks
(CNN). MvCNN [61] was an early approach that extracts features
from snapshots taken at various angles via a CNN, applies cross-
view pooling, and then obtains a classification through another CNN.
GVCNN improves this multi-view approach by incorporating infor-
mation regarding the content of each view and then processing it
according to corresponding groupings [17]. Further improvements to
multi-view classification methods have been made by [80, 78].

While multi-view methods allow direct use of classical CNN net-
works, the projection to 2D unavoidably results in loss of information
and may introduce errors due to rendering and interpolation. One
way of addressing this issue is to extend the CNN architecture to 3D
and split the point cloud into a volumetric grid. VoxNet [42] is an
early method which maps the point cloud to a 32× 32× 32 voxel
grid and then applies a 3D CNN for classification. The volumetric ap-
proach was further improved by Vote3Deep [15] through the addition
of a voting procedure.

Although volumetric methods produce respectable results they are
inherently limited by the memory and computational cost of high-
resolution grid representations. To improve the efficiency of this ap-
proach OctNet [56] was proposed which hierarchically partitions the
point cloud through a hybrid grid-octree representation. O-cnn [70]
then proposed an adaptation of 3D CNN that can be used to ex-
tract features from octrees. Despite such developments, volumetric
approaches still struggle with striking a balance between efficiency
and sufficient resolution.

Non-volumetric focused approaches to extending convolution to
point clouds directly have also been proposed. These usually entail
a mapping to a space with desirable properties followed by spectral
[79, 69] or spatial [60, 39, 63] convolutional filters.

In contrast to most previous approaches that try to extend classical
methods by projecting the point cloud onto a regular structure, meth-
ods that process the points directly have been the focus of most recent
work. The approach was pioneered by PointNet [52]. PointNet first
transforms the points by a learned affine transformation matrix to
achieve invariance to geometric transformations. Subsequently, each
point is passed through fully connected layers with shared weights
and followed by a learned feature transformation which fulfils a role
similar to the first transform in feature space. Finally, after being
mapped through more fully connected layers with shared weights
a max-pooling layer gives the latent representation. This method was
iterated upon in PointNet++ [53] by enhancing its ability to capture
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local structures. This was done by recursively applying PointNet to
nested partitions of the point cloud.

PointNet++ has seen further iterations, PointWeb [81] introduced
Adaptive Feature Adjustment to improve feature quality by including
local neighbourhood context. Duan et al. [12] proposed the addition
of a Structural Relation Network module that facilitates structural
reasoning between the local neighbourhoods to further improve per-
formance.

An alternative approach is to represent point clouds as graphs. In
this case, graphs are formed by treating the points as nodes and form-
ing edges with neighbouring points. This approach was first taken
by ECC [58] where edges are formed between each neighbouring
pair and subsequently edge conditioned convolution (ECC) is applied
with a filter generating network such as an MLP.

DGCNN [72] proposed a neural network module dubbed Edge-
Conv which is a convolution like operation that is applied to local
neighbourhood graphs that are dynamically generated at each layer
using k-nearest neighbours.

3.3.0.1 Point Cloud Segmentation

Since 3D segmentation requires point-wise labelling the model must
collect both global context and detailed local information at each
point such tasks are generally more demanding than classification.
Most all point classification methods can easily be applied to seman-
tic segmentation with minimum architectural changes, semantic seg-
mentation tasks are generally used as one of the main forms of evalu-
ations for classification method backbones. The most common way of
achieving this is concatenating the per point features with the global
latent representation vector and subsequently individually classify-
ing each point.

3.4 generative models for point clouds

Early works [1, 16] in generative modelling of point clouds mostly
focused on generating fixed size sets of points which limits flexibility
significantly. AtlasNet [21] drops this limitation, is able to generate
a varying number of points by mapping a set of 2D patches using
patch-specific MLPs based on the 2D patch coordinates and a global
shape embedding.

Variational AutoEncoders (VAEs) [29], Generative Adversarial Net-
works (GANs) [20] have long been the focus of research into gener-
ative models in general. VAEs use neural networks as function ap-
proximators and maximize a lower bound on the data log-likelihood
to model a continuous latent variable with an intractable posterior
distribution. GANs sidestep the need for likelihood estimation com-



3.4 generative models for point clouds 12

pletely by exploiting an adversarial strategy between a generator and
a discriminator network.

A different approach is taken by Normalizing Flows [55] which
has recently been gaining attention. Normalizing Flows model a dis-
tribution through a series of learned invertible transformations which
map the intractable posterior to a simple preset density. This method
allows for exact log-likelihood estimation, stable training, and flexible
approximate posterior distributions.

Both GANs [57, 73], VAEs [43, 46] have been used for generative
modelling of point clouds. For the current work, change detection
is done based on (conditional) likelihood estimation which makes
Normalizing Flows an attractive choice although approximate likeli-
hood estimation methods like VAEs offer superior flexibility due to
decreased limitations on the mapping.

There has been limited research done regarding the application of
these methods to point clouds. The first work is PointFlow [77] which
employs a two-level hierarchy of distributions. The first level is the
distribution of object shapes and the second is the distribution of
points given a shape which is modelled using a Normalizing Flow.

C-Flow [51] employs two parallel Flow branches with mutual con-
nections formed by coupling layers to learn conditional distributions
and a 3D Hilbert curve projection to order and process points in an
invertible manner. This approach allows for conditional density mod-
elling and thus is suitable for tasks such as 3D reconstruction.

Stypułkowski et al. [59] propose a method for generative modeling
of point clouds that combines Normalizing Flows and point encoders,
specifically PointNet [52]. The model is trained by first taking two
sample subsets of a given point cloud and then encoding one as a
latent vector via PointNet. Subsequently, the latent vector is mapped
to a normally distributed latent vector e by a Flow function g and a
second Flow function f is conditioned on it. Both the Flows and the
encoder are then trained end-to-end by maximizing the log-likelihood
of the second sample being mapped through f. In order to sample a
new shape, a latent vector e is sampled, f is conditioned on it, then
points are sampled by first sampling from the prior and then map-
ping them through f−1.

Discrete Point Flow (DPF ) [68] takes a similar approach using a
combination of VAEs and Normalizing Flows. Discrete Normalizing
Flows are used to construct shape conditional densities and expres-
sive latent shape priors. PointNet is used to generate the mean and
diagonal covariance matrix of a Gaussian which serves as the latent
shape representation.



4
M E T H O D O L O G Y

4.1 change detection as anomaly detection

Change detection is simply the process of identifying differences in
the state of an object through multi-temporal samples. In practice,
taking for example change detection for street scenes, only a small
subset of all changes that occur are of interest. Changes due to light-
ing, weather, plant growth etc. may not be of interest whilst removed
signs or graffiti may be. Often, this subset of changes that is of in-
terest is also much less frequent than cases of no change or change
that is not of interest. Picking a sign at random and monitoring its
state over multiple years it is much more likely that one will observe
unimportant or essentially no change rather than significant change
like damage or removal. Attempting to tackle change detection in
such cases in a supervised manner becomes very challenging due to
the extreme class imbalance coupled with the semantically ill-defined
and practically challenging task of creating such labelled datasets.

Due to these issues, a different, unsupervised approach is taken
here. Given the assumption that the vast majority of objects do not
change in semantically relevant ways, the change detection problem
can be viewed as a form of anomaly detection. Specifically, one can
model the distribution of change over multi-temporal samples and
subsequently perform outlier detection under the learned distribu-
tion. If the learned distribution was accurate, outliers under the dis-
tribution should correspond to semantically relevant cases of change.
Essentially, the model learns to become indifferent to common aug-
mentations such as lighting and only detect rare changes. This method
relies heavily on the aforementioned assumption of the comparative
rarity of semantically relevant change as if such cases are too common
they will not be considered outliers under the learnt distribution.

In order to learn the required distributions Normalizing Flows are
chosen due to the desirable ability of exact log-likelihood estimation
and the fact that generative performance is not relevant. First, the
dataset and preprocessing steps for the input point clouds are de-
tailed. The following subsections focus on different model architec-
tures, the accompanying intuition and their respective features, weak-
nesses.

13
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4.2 data & pre-processing

The dataset is composed of scenes collected during 2019-2020 in a 500

and 150 meter radius area for the training and test sets respectively,
at the centre of Amsterdam as depicted by figure 5. The unprocessed
data consists of coloured point clouds with an associated centre point
(approximate sensor location) and time of capture as illustrated by fig-
ures 4, 6. Since data capture occurs every couple of meters adjacent
scans from the same date are combined to create one higher quality
scan with reduced occlusion and more complete coverage. After com-
bining adjacent scans a 20x20m cloud centred at the sensor position
is extracted to minimize overlap with adjacent scenes and maximize
quality. The dataset consists of 2250 scenes for the training set and
550 in the test set with 2-4 scans of the same area from different dates
each. Subsequently, scans of the same scene are registered using the It-
erative closest point (ICP) algorithm [3]. Lastly, voxel downsampling
is applied with a voxel size of 7cm, significantly reducing the point
density to keep the computational requirements manageable.

Figure 4: Aerial view of successive capture points denoted by coloured cir-
cles. Colour corresponds to the date of capture.
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Figure 5: Aerial view of areas where dataset scenes are located. Larger and
smaller radiuses correspond to training and test set respectively.

Figure 6: Example scene.

4.3 conditioning

Given a dataset of point cloud pairs t0, t1 which correspond to the
same coordinates the goal is to model the conditional probability
p(t1 | t0). Previous works that model point-wise densities [59, 31]
achieve this by concatenating a latent representation z of the condi-
tion to the input of the fully connected networks that parametrize
each coupling block. While this tactic may be sufficient to allow global
information of the conditioned entity to be modelled it becomes prob-
lematic if fine-grained information needs to be accessed. Intuitively,
given clouds t1 that depicts a street sign, in order for the model
to assign a likelihood to a given point p it must have access to not
only global information (is there a sign in t1?) but also detailed in-
formation regarding the points in the local neighbourhood. In order
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for such fine-grained information to be available given the aforemen-
tioned method, the latent embedding zwould have to encode all such
information in essence resulting in a sort of compression rather than
just relevant global information. In order to achieve such compres-
sion, z would have to be of high dimensionality and lead to signifi-
cant computational and memory requirements as this vector is pro-
cessed by each coupling block. Ideally, the processing of each point
should be able to access only the information that is relevant to it and
not have to process full detailed information of the whole condition.
This is achieved by using a combination of segmentation-like embed-
ding network on the conditional cloud t0 in combination with cross-
attention modules at each coupling block. The classical approach of
simply concatenating a latent embedding to the input of each cou-
pling block is also tested and referred to as the global embedding
approach.

4.4 model architecture

4.4.0.1 Conditioning Embedder

In the global embedding approach, an embedding z of the conditional
cloud N0 × 6 is computed through a classification like architecture,
namely a Dynamic Graph CNN (DGCNN) [71]. This output is then
concatenated to the input of fully connected layers at each coupling
block.

The cross attention approach roughly resembles that taken by [25]
as far as the iterative attention mechanism is concerned although
in that case there is no conditioning embedder, with the raw point
clouds being used as input to each attention module. The embedder
is added here in order to process the condition and aggregate rele-
vant features at each point once so that this initial processing does
not have to be repeated at each block. The architecture used for the
embedder is very similar to those used for semantic segmentation as
in both cases the goal is to aggregate local neighbourhood as well as
global information at each point. Specifically, a Dynamic Graph CNN
[71] network and a PAConv [76] network with PointNet++ [53] back-
bone are compared. In both cases the embedder takes input condition
cloudN0× 6 and outputs point-wise embeddingN0×E. This output
is then further processed by the Cross Attention Modules.

4.4.0.2 Cross Attention Module

Before computing the attention matrices, layer norm [36] is applied
to the inputs for increased stability and efficiency. Subsequently, the
cross attention module generates K,V ∈ RA from condition embed-
ding N0 × E and Q ∈ RA from the main Flow input using fully con-
nected networks. The dimension A is the inner dimension in which
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the main attention operation is performed and is set as a hyperparam-
eter. Specifically Scaled Dot-Product Attention is used with a single
head, multiple heads did not show increased performance. This mod-
ule is used for all modules of the main Flow that require conditioning,
weight sharing was not explored although it may be a viable option
for reducing overall parameter count.

4.4.0.3 Flow Block

A coupling block architecture is used for the Flow blocks, parametrized
by fully connected networks with residual connections. Affine cou-
pling blocks [11] are chosen as they offer a balance between expressiv-
ity and memory requirements. Rational Quadratic Spline Flows [13]
and Matrix Exponential Flows [74] were also considered but chaining
a larger number of memory efficient affine layers was found to per-
form better. Each such Flow block is conditional, accompanied by a
cross attention module that takes as input the part of the input not
being transformed and outputs an attention embedding used as in-
put to the fully connected network. In the global embedding case, the
embedding is instead simply concatenated before going through the
fully connected network. A sigmoid scaling function is used in place
of the exponential for increased stability.

4.4.0.4 Augmenter

Augmented Normalizing Flows [23] address the limitations of low di-
mensionality and complex topologies by first embedding the data in a
higher-dimensional space and subsequently using standard Normal-
izing Flows to model densities in that space. Specifically, independent
noise E ∼ q(E) is generated and then joint density χ× E is modeled.

A conditional normal distribution is chosen for q, with location
and scale parameters being a function of the context, using cross at-
tention or a global embedding as in the Flow block. The module is
implemented as in the SurVae framework [47] with a generative ten-
sor slicing resulting in a larger augmented dimension in which all
following bijections are done. Experimentation showed that increas-
ing the augmented dimension size is beneficial with a value of 300

being chosen as a balance between dimensionality and the number of
layers allowed by memory limits.

4.4.0.5 Permuter

Since coupling blocks only transform a fixed subset of the input di-
mensions, they must be shuffled between stacked coupling blocks.
Originally fixed permutations were used [11] but due to the inflex-
ibility of these transforms learned generalizations such as invertible
1× 1 convolutions [28] have been developed. Here 1× 1 convolutions
correspond to simply multiplication by a learned matrix as each point
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is modelled separately. The matrix is parametrized by a learned LU
Decomposition so as to avoid training instabilities associated with
singular matrices.

4.4.0.6 Actnorm

Each coupling block is followed by an Actnorm layer [28] which is
used as an alternative to batch normalization [24] which uses data-
dependent initialization.

4.4.1 Full Model

Given cloud t1 with corresponding context t0 as input, t1 is first
passed through the condition embedder resulting in a N0 × E point-
wise embedding. Subsequently t1 is (conditionally) augmented re-
sulting in a N1 × A output. Subsequently, the augmented input is
passed through chained Flow blocks each consisting of a LU matrix
permuter, an Actnorm layer and a conditional coupling block. After
the last Flow block, the log-likelihood is calculated using the base
distribution (standard normal) and the cumulative likelihood contri-
bution term according to the SurVAE framework.

At test time, anomaly detection given the conditional likelihoods
needs to be performed. If the distribution of conditional likelihoods
outputted by the model lie in a somewhat consistent range a min-
imum likelihood threshold can be chosen so that lower likelihood
points are considered anomalies and thus changed. The remaining
points are set to 0 change. The threshold can be chosen by inspection
or optimized given a small dataset of labelled examples. In this case
all points

If the distribution of conditional likelihood values isn’t consistent
one can use the likelihoods of points given context from their own
cloud as a comparison for anomaly detection. At test time, given
clouds t0, t1 the following likelihoods are calculated: p(t0 | t0),p(t1 |

t1),p(t0 | t1),p(t1 | t0). The likelihoods p(ti | ti) are always calcu-
lated with respect to the associated context and are needed in order
to serve as a reference point for anomaly detection, with change of ti
given tj calculated as follows:

Ci|j =

max(p(ti | tj)) − p(ti | tj) p(ti | tj) < µj|j −mσj|j

0 otherwise
(1)

Where µ,σ correspond to the mean, standard deviation and m cor-
respond to the multiplier parameter. The parameter m sets a mini-
mum threshold for change at m standard deviations from the mean
in the negative direction. Only a one-sided threshold is used as only
low likelihood outliers need to be detected. The multiplier can be
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set according to desired sensitivity, with larger values corresponding
to lower sensitivity as only lower likelihood points are flagged as
change. A default value of 5.4 was found to work well.

In the present case, both methods were found to perform similarly
as the likelihoods were sufficiently consistent. Thus, the direct thresh-
olding approach was taken as it requires significantly less computa-
tion. In what follows the threshold is set to 5 unless otherwise speci-
fied.

The final change values are normalized to the range 0, 1. For each
pair both C0|1 and C1|0 are computed so as to detect change for points
that are not present in both clouds such as removed or added objects.
The final change map is arrived at by merging the two change maps,
where changed points can be marked according to their point cloud
of origin.
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Figure 7: Flow Compare with cross attention. Cloud t1 (being evaluated)
and t0 (context) are taken as input, t0 is processed by the con-
dition embedder and subsequently and serves as input to each
conditional module. t1 first goes through the augmenter, being
augmented with conditionally generated noise to have L dimen-
sions. Subsequently, for each Flow block, the tensor dimensions
are split, half used as input to the attention along with the context
and then the tensor is transformed by the coupling, permuter and
act norm modules. This process is repeated K times ending with
likelihood evaluation through the base distribution.

4.5 voxel dataloader

Ideally, for each point being evaluated, the context would consist of
either all points within a certain distance or the k nearest neighbours.
With the present model architecture, such an approach with a unique
context for each point was not computationally viable and thus a
voxel-based approach was taken. Given a list of clouds correspond-
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ing to the same scene a common voxel grid with dimensions (2, 2, 4)
is imposed and each voxel is then downsampled separately using the
iterative farthest point sampling (FPS) algorithm [44]. This is done
as opposed to random sampling in order to achieve even coverage.
When considering a pair of clouds, for each voxel a corresponding,
slightly larger voxel (2.2, 2.2, 4.2) with the same centre is taken from
the other cloud as context and vice versa. This voxel is taken to be
slightly larger so as to guarantee that points that are on the edge of
the voxel have sufficient context. During training, only voxels with a
minimum of 1024 points and 1250 context points are considered. Fur-
thermore, pairs from the same cloud are also considered, with slight
noise added to the coordinates which results in a 1:1 ratio of self-
pairs and different time training pairs. This ratio was kept constant
throughout all experiments but different values may prove advan-
tageous. At test time only different cloud pairs are considered. Each
voxel-context pair is normalized so as to be zero mean and within the
unit sphere. Lastly, a randomized rotation augmentation is applied to
the xy plane.

Due to the uniform placement of the voxel grid, without regard
for the geometry, voxels contain partial objects and the frequency dis-
tribution of objects types is highly skewed. Specifically, the dataset
is dominated by building facades with other objects such as street
signs and trees making up the remaining samples. Figure 8 depicts
voxel pairs that can be found in the training set. Examples a,b,d,f
show common examples of colour differences due to lighting condi-
tions and shadows. Example c shows a rare example of actual change
where what appears to be a utility box has been installed. Lastly, ex-
ample e depicts a case of occlusion where the pole of a traffic light
isn’t captured. Such cases are some extent unavoidable due to the na-
ture of data collection in urban areas and the model may learn to at
least cope with partial occlusion.
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(a) Light difference due to shadow (b)  Sampling and slight color difference

(d) Color difference(c) Actual change

(e) Occlusion (f) Color difference

Figure 8: Example voxel pairs from the dataset.
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E VA L U AT I O N

5.1 method of evaluation

The absence of a point-wise labelled change detection dataset and
the unsupervised nature of the method means that the performance
can’t be quantified directly on the task at hand using standard met-
rics and necessitates a different evaluation approach. A combination
of quantitative evaluation via log-likelihood on a test set and qualita-
tive evaluation through hand-picked varied change detection exam-
ples is used. Log-likelihood is used as a proxy for change detection
performance because intuitively a more accurate model of the condi-
tional distributions should translate into better change detection, as
long as overfitting is avoided. This intuition matches the qualitative
results observed during the experiments.

Regarding model architecture ablations are performed with respect
to the global vs cross attention embeddings, embedder architecture
and the inclusion of extra context. Where extra context refers to the
height of the voxel centre relative to the ground. This is done as
the point cloud normalization step removes such information which
could be useful as knowing the height of the voxel being assessed
does provide certain information such as not expecting ground or
cars at certain heights.

There are many other hyperparameters associated with the various
modules which were set in accordance with other generative mod-
elling approaches when possible or based on limited experimentation
otherwise. Due to the novelty of the approach and the limited com-
putational resources only certain key, hyperparameters were focused
on. A more comprehensive hyperparameter optimization may lead to
significantly increased performance in future works.

5.2 experiments

In all cases, training is performed for a total of two epochs ( 2 days)
with an initial learning rate of 10−4 with the Adam optimizer [27] or
until early stopping on a Nvidia A100-40GB graphics card. Detailed
hyperparameter configurations and training code can be found at the
associated repository.

22

https://github.com/SamGalanakis/FlowCompare
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embedder nats (↑) parameters (m) Extra
Context

DGCNN Global 1.737 199.5 No

PACONV Attention 2.034 170.7 No

PACONV Attention 2.125 170.8 Yes

DGCNN Attention 2.144 165.1 No

DGCNN Attention 2.222 165.2 Yes

Table 1: Log-likelihood of the test set in nats (higher is better)

From the experiments, it is clear that the global embedding ap-
proach is significantly inferior despite the higher number of parame-
ters. The parameters here are added by using a larger embedding dim
E = 124 as opposed to 64 used for the attention approach and extend-
ing the fully connected layers that parameterize each flow block to off-
set the parameter count of the absent attention blocks. This is likely
due to the inability of the global embedding to encode all needed
local information. The attention approach sidesteps this by allowing
direct, dynamic access to the local information at each flow block.

All further experiments are conducted with the use of Attention,
differ with respect to embedder architecture and the use of extra con-
text. The extra context seems to help to some extent as it increases the
scores for both embedder types despite the extra parameters added
being insignificant. This makes sense as knowing the relative voxel
height is intuitively useful in assigning likelihoods but more numer-
ous experiments would be needed to more precisely quantify the ef-
fect. Between the two embedder types, the DGCNN network outper-
forms in both cases despite having fewer parameters, it is not clear
why this is the case but it may have to do with the dynamic graph
creation (and thus message passing) that is present in DGCNN.

5.3 qualitative assessment

All visualizations are done with the best performing model according
to the previous experiments. Change 0 corresponds to change of voxel
0 conditioned on the corresponding context voxel in cloud 1 and vice
versa. Blue denotes no change and red denotes change. Full 3D view
of the chosen examples and for the rest of the test set is provided
through the associated repository.

https://github.com/SamGalanakis/FlowCompare
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(a)

(b)

(c)

Voxel 0 Voxel 1 Change 0 Change 1

Figure 9: Change detection examples. Example a depicts a window with
significant light change. Example b depicts part of a wall with
significant light change with a bright patch in the second view
due to the rest being shadowed. Example c depicts significant light
change with the addition of a tall tent-like covering.

In figure 9, in examples a,b the model wrongly assigns change to
points with dramatic lighting difference from dark to light. This is
clearly problematic but is likely due to the absence of sufficient train-
ing voxel pairs where such large lighting changes are present. Given
that only 2-4 scans are used per scene this is to be expected and a
straightforward solution would be to use more varied multi-temporal
samples to become robust to such changes. This effect is present in
other examples to a lesser extent and explains some portion of the
spurious change.
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Figure 10: Generated point cloud conditioned on voxel 0 of example c, prob-
lem figure 9 with a standard deviation of 0.6

In the last example of this figure, the model is able to detect the top
of the added object while ignoring change in lighting in the rest of the
scene. Although the upper parts of the object are classified the lower
supports are not, looking at the generation 10 gives an indication as
to why. Essentially the model seems to expect points in the centre
of the voxel with the same approximate colour as the missed points.
Why this is the case is not obvious but it may be due to the fact that
only voxels with a certain number of points are used in the training.
This has the effect that very few voxels have a vacant middle section
and the model thus learns to expect points of some average colour
in that area by default. This could be addressed by using a padding
approach to batching rather than fixed point counts and thus not
filtering training voxel pairs by a minimum size.
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(a)

(b)

(c)

Voxel 0 Voxel 1 Change 0 Change 1

Figure 11: Change detection examples. Example a depicts a pillar and a
plant pot. The former is covered by plant growth and the latter is
flowering in the second voxel. Example b depicts an area where a
bike is parked and the addition of a red garbage bin in the second
view. Example c depicts a partial building facade and a cobbled
floor which is mossy in the second view.

In the first row of figure 11, the model is able to pick up the added
plant growth on the pillar, the changes on the flowerpot and the lines
in the ground whilst not assigning change values due to voxel 0 be-
ing significantly darker. Example b shows a bike in the first voxel and
a bike in roughly the same area in the second voxel next to a newly
added garbage bin. The model assigns change to the added bin and
correctly assigns no change to the rest of the scene. In the last exam-
ple, a partial building front is shown, the main difference between
the two times being the change in the ground colour due to moss
growing between the cobblestones. The model assigns change where
the moss is present but also assigns some spurious change to the top
of the facade, likely due to the aforementioned issue with bright light
spots. Changes such as the appearance of moss may or may not be
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of interest and the model will learn to ignore them if they are very
common in the training set.

(a)

(b)

(c)

Voxel 0 Voxel 1 Change 0 Change 1

Figure 12: Change detection examples. Example a depicts a building facade
where scaffolding is added in the second view. Example b depicts
a partial facade where a flag and a pole shaped object appears in
the second view. Part of the building visible in the first case is
occluded in the second. Example c shows a partial window that
is later covered by plant growth.

Switching to figure 12, the first example depicts newly added scaf-
folding to the front of a building. The model correctly classified most
of the scaffolding as change whilst assigning no change to the un-
changed facade. Some lower parts of the scaffolding are not detected
and this is likely the same issue observed earlier where spurious den-
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sity is assigned to the centre of the voxel to such colours. Example
b shows two added pole-like objects in front of a building, both de-
tected as change. In this case, even the parts close to the ground are
detected, likely due to them being of a different colour. Further as-
signed change is likely due to severe occlusion of parts of the building
in the second scan. Lastly, example c shows a partial window which
is later covered in vine growth. The vine growth is classified fairly
accurately as change whilst the underlying wall is not.

(a)

(b)

(c)

Voxel 0 Voxel 1 Change 0 Change 1

Figure 13: Change detection examples. Example a depicts a poster that is
subsequently changed and occluded by a newly placed garbage
bin. Example b shows a window that is subsequently boarded
up. Example c shows significant colour change and the partial
appearance of a red object.

Example a of figure 13 shows a fairly complex scene where a poster
is changed and partially occluded by a garbage bin. At the current
threshold of 5, the green part of the bin is detected but not the advert
behind it. Trying a higher threshold value of 7.5n as seen in figure 14,
this is mostly corrected although at the cost of slightly more spuri-
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ous change classifications. The second example shows a window that
is subsequently boarded up, the model is able to detect it accurately.
Lastly, example c depicts a case of significant lighting change and
shadow which are both ignored and an added red object being classi-
fied correctly. Again in this case the whole object is classified without
issue likely due to being a different colour than that of the spurious
density problem observed earlier.

Figure 14: Change of example a figure 13 for looser threshold 7.5

Overall the model shows promise, is able to achieve the set goals
to some extent. Problems observed in the examples are likely due to
problems in the training regime such as the voxel point count filtering
and the lack of enough, sufficiently variable data to allow robustness
to be learned. These and other avenues for improvements are outlined
in the following section.
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D I S C U S S I O N

6.1 regarding evaluation method

The Change3D benchmark [33] was created as an evaluation set for
Flow Compare it was later decided that it was not fit for this purpose.
The first key reason for this decision was the mismatch between the
annotations provided by the dataset and the output of Flow Compare.
Specifically, the dataset provided object-wise labels (one label per
object) which are fitting for most supervised methods but problem-
atic given point-wise change values. A mapping from the point-wise
change values to the object wise labels of the dataset is non-trivial,
would likely require supervised training and would significantly ob-
scure evaluation. The other concern was the mismatch in the distri-
bution caused by the location of the point clouds in the Change3D
benchmark and that of the available training set, the benchmark itself
not having enough point clouds to train the present model.

The specific evaluation route taken was chosen as an alternative
due to the absence of any other labelled datasets. The quantitative
analysis with respect to the log-likelihood on the test set is the stan-
dard approach in likelihood-based generative modelling and is an
effective way of comparing different architecture variations. While
the qualitative assessment is not an objective assessment it showcases
how the model performs in varied change detection cases and high-
lights problematic aspects. Future work on this task would benefit
from the creation of a point-wise labelled change detection bench-
mark for evaluation purposes.

6.2 unwanted bias through training regime

As pointed out in the results section the proposed method can per-
form problematically in certain cases such as due to the erroneous
density assigned to the centre of the voxel and when certain signifi-
cant lighting variations are present. The former problem is suspected
to be due to the training regime (minimum voxel point count filter-
ing) and the latter is due to such variations not being present in the
training set. Thus, it is clear that much care must be taken to not im-
plicitly introduce unwanted bias through the chosen training regime
and that the training set contains sufficient examples of the conditions
that the model is expected to be robust to at test time.

30
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6.3 attention maps

The key reason for using the cross attention approach to conditioning
is to allow the main flow to dynamically focus on different parts of
the context and thus avoiding the bottleneck of a global embedding.
One intuitive way that such a model may have attended to the context
could have been going from general focus to more targeted (around
the point being processed) in the deeper layers , or vice versa. From
visual inspection of attention maps, as depicted by figure 15, it was
found that this was not generally the case and that no such easily
interpretable pattern was present. The attention maps do not seem to
focus around the point being processed, it is conjectured that different
flow blocks specialize on semantically similar structures or specific
colours but this requires further investigation.

(a)Augmenter (b) Flow block 50 (c) Flow block 110

Figure 15: Attention maps of modules of progressively later conditional
modules, with the lighter colour corresponding to more attention.
The exaggerated green point is the location of the point being pro-
cessed.

6.4 generation examples

Although the goal is not to generate point clouds, given the dual na-
ture of Normalizing Flows one can generate point clouds by sampling
from the base distribution and then passing the points through the in-
verse conditioned on a context cloud with such examples depicted by
figures 16, 17. This is useful as it offers a way of visualizing the learnt
distributions, seeing to some extent what the model expects. This may
be informative and allow deficiencies to be identified or explained but
must be done with caution as the interpretation of the results can be
misleading. This is chiefly the case due to the fact that while the geo-
metric component of the distribution is clearly visualized the colour
component is not made clear to the same extent by the generation.

Each shown generated voxel consists of 4000 points that are sam-
pled from a Gaussian with a standard deviation of 0.6 rather than 1

which was used for training so as to obtain tidier visualizations. The
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ideal output is not necessarily an exact reproduction of the condi-
tion as the generation roughly represents the average expected scene
which may differ significantly. By inspecting the generations it seems
that the model in most cases expects a slightly fuzzier version of the
given geometry, filling in small gaps (present due to coarse downsam-
pling and irregular capture) by interpolating between adjacent points.
The colours generally match the context but are often of slightly dif-
ferent hues, usually in the direction of more common variations of
the given colour. Taking for example f of figure 17 where a darker
ground is expected, likely due to such light ground being relatively
uncommon in the training dataset as suspected due to the erroneous
change detection results found for similar cases.

6.5 continuously indexed normalising flows

Continuously indexed Flows were implemented as proposed by the
authors, with the f mapping being an affine coupling block and dis-
tribution U a conditional Gaussian with an attention block. Due to
the changes in architecture and the extra mapping a smaller augment
dimension had to be used due to memory constraints. Limited ex-
perimentation found that the training was very unstable, comparable
results to the other approaches were not able to be obtained thus re-
sults are omitted included in the experiments. Further experimenta-
tion and hyperparameter tuning are needed with this method as the
main use case, modelling complex topologies are clearly present in
the problem at hand where complex coloured geometry is modelled
often containing disconnected objects.
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(a) (b)

(c) (d)

(e) (f)

Figure 16: Examples of condition-generation pairs with the condition on the
left and generation on the right respectively.
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(a) (b)

(c) (d)

(e) (f)

Figure 17: Examples of condition-generation pairs with the condition on the
left and generation on the right respectively.
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C O N C L U S I O N & F U T U R E W O R K

7.1 conclusion

In this thesis, the problem of robust change detection in complex
street scenes through coloured point clouds is addressed. We present
the first approach to this important task that leverages the latest ad-
vancements in deep learning. Significant challenges associated with
the creation of comprehensive labelled datasets such as costly anno-
tation and extreme class imbalance are sidestepped through a fully
unsupervised approach. Additionally, this novel approach has the po-
tential to detect geometric and colour change while being robust to
semantically unimportant changes.

The method works by first using a Normalizing Flow model to
learn the conditional distribution of points from unlabeled multi-
temporal samples. Once this distribution is learned the problem of
change detection can be reframed as one of anomaly detection un-
der the learned distribution. Essentially, the model learns what to
expect on average given one sample and then significant deviations
i.e. anomalies are classified as changed. In order for this approach to
be effective two complementary assumptions are needed. First that
changes of interest are rare and second that common changes are not
of interest. Furthermore, we detailed a voxel-based training regime
and pre-processing pipeline which allows the model to learn the tar-
get distribution.

In order for the approach to be realized we designed a model archi-
tecture capable of modelling the target conditional density. The two
key challenges here are maintaining sufficient flexibility of the main
flow mapping and designing an effective conditioning mechanism.

Flexibility is addressed by pairing affine coupling blocks with an
Augmenter module which embeds the initially low dimensional points
into a high dimensional space.

The standard conditioning method was shown to be ineffective for
the problem at hand due to not being conducive to capturing local
information which is key for point-wise change detection. As an al-
ternative a novel attention-based conditioning method is proposed
which allows the model to dynamically query point-wise embeddings
of the context. This allows not only each point but also each condi-
tional module at different layers to flexibly extract information and
was shown to outperform the standard approach significantly.

The proposed model is quantitatively evaluated with respect to the
average likelihood on the test but also qualitatively through visual in-

35
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spection of varied examples. It was demonstrated that the approach
is able to effectively detect geometric change, colour change while be-
ing robust to semantically unimportant change, the last two of which
have not been achieved by previous methods.

Lastly, although the approach is here applied to point cloud data
straightforward adaptations could be made for change detection in
different modalities such as the image domain or even combining
modalities for increased performance.

7.2 future work

Due to the novelty of the proposed method and the accompanying
model architecture, there is much room for further improvements.
The following outlines how identified deficiencies may be addressed
as well as promising avenues for further improvement.

large scale training : Due to the training paradigm, this model
benefits from large scale training as the training set needs to contain
sufficient examples of all semantically uninteresting changes so that
the model can learn to expect such cases (not flag them as anoma-
lies). For example, if the training set does not contain fallen leaves
present in autumn it would likely flag such cases as anomalies. In
turn, the model must have the expressive capacity to model such di-
verse relations. Thus, the method itself necessitates large scale train-
ing which was not possible through the current project and highlights
the need for improved efficiency to manage computational costs. An
ideal training procedure may mirror in certain ways the training of
large language models where large, varied unlabeled text corpuses
are used. The equivalent being point clouds covering significant ge-
ographic areas of interest over varying conditions such as seasonal
changes.

augmentation and simulation : In absence of sufficient multi-
temporal data, augmentation and simulation methods can be used to
synthetically generate new variations of the existing data. For exam-
ple, modern game engines are capable of simulating realistic, full day
and night cycles which would allow any lighting variations of the
available point clouds to be generated. Training could then be done
using both the original and generated data.

data filtering : In the current project minimal filtering was done
with regards to the voxel pairs used for training, only with regards to
the number of points present. Given that the voxel grid is placed uni-
formly over large geographic areas it is natural that certain classes or
scenes dominate the dataset. For example, building facades may be
overabundant while benches are relatively rare. Performing filtering
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in advance, possibly with the aid of point cloud segmentation and
classification methods may alleviate this issue, lead to faster training
and improved overall performance. Some form of importance sam-
pling may also prove useful but runs the danger of focusing on actual
changes present in the data which would be detrimental.

improving colour accuracy : The point cloud data used for
training while generally geometrically accurate does contain colour
inaccuracies which are artefacts of the image colour to coordinate the
matching process used in their construction. The consistent presence
of these artefacts seems to lead the model to expect large variation
in colour which hinders its ability to detect actual semantically im-
portant colour change. Using data with improved colour accuracy
or mitigating such issues in pre-processing will improve colour wise
change detection.

weight sharing : One way of decreasing the parameter count of
the model would be to share parameters across different flow blocks,
especially those that parametrize the attention modules. Although
not explored it seems likely that some level of parameter sharing
could be employed without significantly degrading performance. For
example, weights could be shared between a certain number of con-
secutive flow blocks with the intuition that consecutive flow blocks
may be summarizing the context in similar ways.

specialized normalizing flow architecture : There are
few works modelling point clouds with Normalizing Flows and the
core architectures used (usually affine coupling blocks) are used es-
sentially as-is. Future work may improve such modelling by introduc-
ing architectures specialized to point clouds by for example leverag-
ing permutation invariance and further tackling the problem of low
dimensionality. Such advancements would of course directly improve
the performance of this approach.

semantic information : For more efficient training semantic
information could be included for each point. This could for exam-
ple be achieved by including the class of each point as given by a
pre-trained semantic segmentation network or even the point-wise
embeddings of such a network. This should significantly speed up
the learning of the network as it does not need to learn to recognize
classes from scratch.

hyperparameter optimization : Due to the novelty of the ap-
proach, there are limited existing works to base hyperparameter choices
on, thus most hyperparameters were chosen heuristically with lim-
ited experimentation and optimization due to prohibitive computa-
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tional costs. Further optimization of hyperparameters is key to im-
proved efficiency and performance.
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