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Abstract

3D Change Detection (3DCD) has gradually become an-
other research hotspot after image change detection. Re-
cent works focus on using artificial labels for supervised or
weakly-supervised training of siamese networks to segment
changed points. However, labeling every points of multi-
temporal point clouds is very expensive and time-consuming.
In addition, these works lack effective self-supervised sig-
nals, and existing self-supervised signals often fail to cap-
ture sufficiently rich change information. To solve this prob-
lem, we assume that the powerful representation of 3D ob-
jects should model the consistency information of unchanged
regions and distinguish different objects. Based on this as-
sumption, we propose a new unsupervised framework called
MUCD to learn change information of multi-temporal point
clouds through bidirectional optimization of change segmen-
tor and feature extractor. The training of network is divided
into two stages. We first design a foreknowledge point con-
trastive loss based on the characteristics of the 3DCD task
to initialize the feature extractor, and then propose a masked
consistency loss to further learn the shared geometric in-
formation of unchanged regions in the multi-temporal point
clouds, utilizing it as a free and powerful supervised signal
to train a change segmentor. In the inference stage, only the
segmentor is used to take multi-temporal point clouds as in-
put and produce change segmentation result. Extensive ex-
periments are conducted on SLPCCD and Urb3DCD, two
real-world datasets of streets and urban buildings, to verify
that our proposed unsupervised method is highly competitive
and even outperforms supervised methods in scenes where
semantic information changes occur, exhibiting better perfor-
mance in generalization ability and robustness.

Introduction

Change detection (CD) is one of the earliest and most widely
used technologies in the field of remote sensing (Hussain
et al. 2013; Zhang et al. 2021a; Benedek, Descombes, and
Zerubia 2011; Wu, Du, and Zhang 2023; Wu et al. 2021b).
The purpose of CD is to discover landscape changes from
multi-temporal images observed at same location and differ-
ent times. CD task has been widely applied in land-use/land-
cover change analysis (Jin et al. 2017; Zhu and Wood-
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cock 2014), urban study, environmental monitoring (Khan
etal. 2017), and disaster assessment (Sakurada, Okatani, and
Deguchi 2013).

In 2D image change detection, nuisance changes such as
viewpoint and lighting differences are critical obstacles that
have received widespread attention (Wang et al. 2021; Chen
et al. 2020). Due to the rapid development of 3D acquisition
devices such as LiDAR (Guo et al. 2020), a large amount
of 3D data can be collected and recorded with a lower cost
(Yuan et al. 2024a). Point cloud data, as a basic data repre-
sentation for many 3D task applications, can capture rich ge-
ometric and appearance information of objects and scenes,
and has the advantages of not being affected by perspective
distortion and lighting changes. The above advantages avoid
some tricky problems in 2D image CD and provide a more
intuitive description of the positional relationship between
objects and the surrounding environment. This fact has at-
tracted more attention to point cloud data in 3DCD task, and
the analysis of multi-temporal point clouds changes have be-
come more urgent (Stilla and Xu 2023). In recent years,
some researchers have successfully applied deep learning
networks to 3DCD task and collect some available real-
world scene datasets.

However, the success of all existing methods is based
on fully supervised or weakly-supervised learning, requir-
ing extensive point-level labels. Specifically, these methods
use labels or clustering pseudo labels to train a siamese point
cloud segmentation network to complete point cloud change
detection task. In addition, due to the supervised training on
specific datasets with labels, these networks exhibit limited
generalization ability and are unable to effectively detect
scenes involving semantic information changes.

In this paper, we attempt to abandon the method of train-
ing change segmentor with labels and use the feature con-
sistency of unchanged regions as self-supervised signals to
learn their shared shape information. Our assumption is that
the shape information and contextual relationships of the
unchanged regions in point cloud scenes at different times
exhibit consistency, while the change regions have signifi-
cant differences, which can guide a better change segmenta-
tion method. Based on this assumption, we design a bidi-
rectional optimization of segmentor and feature extractor,
where the feature extractor learns the shared shape infor-
mation of unchanged regions to guide the segmentor, and



the segmentor masks the changed regions to help the fea-
ture extractor learn better. The training process is divided
into two stages. In the first stage, we initialize the feature
extractor through the self-reconstruction task and the pro-
posed foreknowledge point contrastive loss. We find that us-
ing only the self-reconstruction task as a self-supervised sig-
nal results in extracted feature differences of multi-temporal
point clouds tending towards the mean, which is detrimen-
tal to distinguish changed and unchanged scenes. To address
this problem, we propose a novel contrastive loss that takes
the ground points in the same scene as positive samples and
the non-ground points in different scenes as negative sam-
ples, which allows feature extractor to extract more robust
features from multi-temporal point clouds. In the second
stage, we propose a simple masked consistency objective as
a new pretext task for point cloud change detection. Specifi-
cally, given the input point cloud, we use a siamese network
and nearest neighbor feature fusion to obtain a segmentation
map. The segmentation map is used to mask the impact of
changed points on feature consistency task, allowing the fea-
ture extractor to focus more on shared features of unchanged
regions. Finally, in the inference stage, we use the segmentor
and threshold segmentation to obtain the final change seg-
mentation result.
The main contributions are summarized as follows:

e To our knowledge, we are the first to propose an un-
supervised point cloud change detection method, which
trains a change segmentor through masked consistency.
Our method is efficient, using a simple network structure
and has high generalization ability.

e Our proposed foreknowledge point contrastive loss, as a
new self-supervised signal, can effectively assist in fea-
ture extraction for point cloud change detection task at
the beginning of training, and is more robust than self-
reconstruction task.

e Our MUCD demonstrates that a simple architecture
based solely on coordinate information can achieve
highly competitive results, which indicates that the
method can serve as a potential common framework for
unsupervised point cloud change detection.

Related Work
Deep Learning on Point Cloud Change Detection

The main idea of point cloud change detection focuses on
learning geometric change information from spatial loca-
tion. Nagy ef al. (Nagy, Kovacs, and Benedek 2021) pro-
pose a 2D convolutional feature difference network using
ChangeGAN, where the author project the point cloud onto
the distance image for 2D convolution operations. Schauer
et al. (Schauer and Niichter 2018) voxelate point cloud and
apply occupancy recognition to detect changed regions. Re-
cent works attempt to directly process point cloud data us-
ing deep learning methods. For example, Ku ef al. (Ku et al.
2021) propose a network SiamGCN based on graph convo-
lutional networks to recognize scene level change classifi-
cation. Wang et al. (Wang et al. 2023) propose a siamese
network based on various popular point cloud encoders and
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improve the change segmentation effect using methods such
as feature embedding. De Gélis et al. (de Gélis, Lefevre,
and Corpetti 2023) use deep clustering methods to train a
siamese network for change segmentation. These works use
various siamese networks to learn change information using
labels or pseudo labels. Our method completes 3DCD task
directly through the geometric similarity of multi-temporal
point clouds without labels.

Deep Learning on Image Change Detection

In the past decade, image change detection methods based
on deep learning have developed rapidly. With the sharing of
some labeled change detection datasets, Daudt et al. (Daudt,
Le Saux, and Boulch 2018) introduce supervised semantic
segmentation networks into the field of change detection
which are used to identify binary or target changes in high-
resolution images through fully convolutional networks. The
rich datasets enable change detection models to achieve in-
creasingly high accuracy. However, labeling all the changed
pixels of images is quite time-consuming and laborious. Wu
et al. (Wu et al. 2021b) use autoencoder to extract common
features of unchanged regions and use threshold segmen-
tation for unsupervised image change detection. Similarly,
Noh et al. (Noh et al. 2022) utilize image self-reconstruction
loss for unsupervised image change detection. Wu et al.
(Wu, Du, and Zhang 2023) propose a fully convolutional
change detection framework based on generative adversar-
ial networks, which unifies unsupervised, supervised, and
weakly-supervised approaches, further advancing the field.

Self-supervised Learning on Point Cloud

Self-supervised learning methods for point cloud typically
require well-designed pretext tasks to learn the intrinsic rep-
resentations of the point cloud without labeled data (Yuan
et al. 2024b). The recent works can be roughly summarized
as contrastive and reconstructive methods (Wu et al. 2021a).
Contrastive methods contrast the potential representations of
different point cloud transformation views (e.g., rotation, jit-
ter, scale, etc.), and design pretext tasks based on inter-data
information such as similarity. Rao et al. (Rao, Lu, and Zhou
2022) force the correspondence between objects and their
component point clouds. By its definition, contrastive learn-
ing methods can be well applied to multi-source or multi-
temporal point clouds tasks, such as point cloud registration
(Yuan et al. 2023). Self-reconstruction methods typically en-
code point cloud samples as representation vectors and de-
code them back to the original input data (Xiao et al. 2023).
Yang et al. (Yang et al. 2018) propose a point cloud au-
toencoder that compresses and encodes point cloud objects
into low dimensional embedding vectors, which are then de-
coded back into 3D space by the decoder and forced to be
the same as the input point cloud.

Method

The core of 3D point cloud change detection is to learn dis-
criminative and robust features that can capture the shape
information in the multi-temporal point clouds and distin-
guish them. To achieve this goal in an unsupervised manner,
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Figure 1: The overall framework of our unsupervised point cloud change detection approach. The training of network is divided
into two stages. The first stage initializes features through self-reconstruction and the proposed foreknowledge point contrastive
loss, and the second stage adds masked consistency loss for bidirectional optimization. In the inference stage, only the segmentor

is used to obtain change detection results.

we propose to train a segmentor through the bidirectional
optimization problem of shared weight feature extractor and
segmentor, so as to segment the changed points. The overall
framework of our method is shown in Figure 1.

Basic Module

The proposed framework consists of two basic modules:
feature extractor and segmentor. In the current studies,
many advanced segmentation models and techniques have
been used for change detection, such as feature embedding
(Zhang et al. 2021b), attention mechanism (Huang et al.
2019), etc. However, the focus of this paper is to provide
a feasible unsupervised point cloud change detection train-
ing method. To decrease the complexity of the network, we
only use the very basic structure for segmentor.

For the segmentor, we choose the basic Unet network
structure PointNet++ (Qi et al. 2017), which has been used
in many 3D point cloud tasks. Because the change detection
task should fuse the features extracted from the two branches
of the siamese network, we add a simple module Nearest
Feature Fusion (NFF) based on the nearest neighbor in the
last layer. For each point in a temporal point cloud, it takes
the nearest neighbor from the rest of temporal point clouds
for feature fusion. For the fused features, use Sigmoid as the
final activation function to ensure that the output range is 0
to 1. P, € RN*3 and P, € RV>*3 are multi-temporal point
clouds as network inputs. Here, channel equal to 3 denotes
that a point is represented by (z, y, 2) coordinates. In some
works (Li et al. 2024; de Gélis, Lefevre, and Corpetti 2023),
RGB, normal information or manual high-dimensional fea-
tures of the point cloud is used as input, while we only use
the most basic coordinate information. The output of seg-
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mentor can be written as:
M, = SIGMOD(§(NN(PN(P,), PN(P,))), (1)

where M, is the probability that each point in P, is a
changed point, ¢ is implemented as a multi-layer perceptron
(MLP) network, which maps features to a one-dimensional
space. PN(-) is PointNet++ network, and NN(-) is the
nearest neighbor operation. Similarly, M, can be concluded.
It is worth noting that in the inference stage, only the seg-
mentor is retained to obtain the final change result through
threshold segmentation.

For the feature extractor, we select the hierarchical point
cloud feature learning network to extract the deep geometric
features of the point cloud and obtain the point-level fea-
tures by upsampling. Then the self-reconstruction task is
performed on this basis. This feature extractor is described
in detail in subsequent subsection.

Masked Consistency Loss

The basic assumption of 3D change detection is that for un-
changed scenes in multi-temporal point clouds, they have
certain consistency in geometric space. For the changed
scenes, their features will be quite different. This assumption
inspires us to exploit the feature relationship of unchanged
points as free and abundant supervision signals to train the
segmentor of point cloud change detection. This assumption
can be similarly expressed as: for the unchanged scene in
one point cloud, the adjacent area with similar features can
be found in another point cloud, while the changed scene
can not be found or features of the adjacent area are quite
different. As a result, the goal of masked consistency loss
(MCL) is to mine semantic knowledge shared by unchanged
scenes in multi-temporal point clouds. The structure of MCL
module is shown in Figure 1.



Since unchanged points and changed points always ap-

pear as a region, it is meaningless to consider only the fea-
ture of a point. In addition, different from pixel pairs in an
image pair, point pairs in paired point clouds do not corre-
spond one-to-one. Therefore, we propose to search for KNN
points of any query point in Py, = {ps1,pPz2,...,Pz,N}
from P, = {py.1,Py.2,-- -, Py~ }. Then, for each point, av-
erage of the KNN point features is used to measure consis-
tency, which is multiplied by change probability to calculate
the masked consistency loss. In the following, we describe
the details of masked consistency loss.
Region Feature. Let F, = {f, 1, fz2,..., fan}, Fy =
{fyrs fy2s--os fyn}, and Fy, Fy € RV*? are the point-
level features of P, and Py, respectively. For any point p, ;
in P, we first search for its KNN points in P,, then obtain
features of these points in F}, and take the mean operation:

- 1

vi Tk Zk:KNN(pm,i7Py) Fyk 2
where f, ; is feature of the neighboring region in P, corre-
sponding to point p; ;. The symbol k is the number of neigh-
boring points searched, which is set based on experience in
the experiment.
Unsupervised Metric Learning. A straightforward method
to optimizing feature relationship is to minimize the ab-
solute difference between f,; and f i i.e., minimize
> Hf:“ — wa However, this objective may not be the
best choice, which imposes a linear penalty on the error of
each feature dimension. Moreover in high-dimensional fea-
ture space, the presence of a large number of feature dimen-
sions may lead to the influence of noise and redundant fea-
tures. Therefore, we choose to supervise the relative qual-
ity of features and the quality of segmentation predictions
through unsupervised metric learning tasks. Specifically, for
the features f, ; of each point in P, we force them to ap-
proach the feature of neighboring regions in P,, and filter
out the impact of the changed points on feature consistency
learning using the change probability obtained by the seg-
mentation algorithm. The masked consistency loss can be

written as:
man = N Z — My 1Og(1 + eXp( (fw,i)T?y,i))a
3)

where m, ; is change probability for each point. By mini-
mizing this loss, we force the segmentor to maximize proba-
bility of changed points as much as possible, thereby seg-
menting them through a threshold. L,,.,, represents the
masked consistency loss on point cloud P,, and similarly,
Lyuycon on Py, can be obtained. We normalize the output of
the feature extractor before calculating similarity and use dot
product to obtain feature similarity.

It is necessary to note that when m, ; is all 1, the objec-
tive function will be 0. Thus, #1-norm constraint be used for
segmentation graph to avoid full change output:

In summary, we arrive at the masked consistency loss
term:

meon = mecon + Lmycon + >\L.\'lllﬂ7 (5)
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where the weight ) is used to balance the impact of ¢;-norm
on the optimization result. Masked consistency and #1-norm
together enable us to achieve the optimization we are seek-
ing for the segmentor, while also optimizing quality of the
feature extractor.

Feature Extractor Initialization

Since discovering helpful knowledge for change detection
from unlabeled data is usually quite difficulty, masked con-
sistency loss may not necessarily lead to useful optimiza-
tions. Intuitively, quality of the feature extractor is crucial,
because the masked consistency loss only supervises the
segmentor to obtain points with similar features. That is, if
the feature extractor is initialized well, it will offer decent
supervision for the segmentor, thus creating a virtuous cy-
cle for the learning of the segmentor and feature extractor.
On the contrary, due to the poor initial state of the feature
extractor, the learning process may lead to unpredictable re-
sults, and many unsupervised tasks have also pointed out
this fact (Tschannen et al. 2019; Rao, Lu, and Zhou 2022).
To avoid this issue, we propose auxiliary initialization tasks
to supervise the network to jointly learn useful knowledge.
Specifically, we employ two simple tasks, including self-
reconstruction and foreknowledge point contrastive loss, as
two self-supervised signals.

Self-Reconstruction. Self-reconstruction, or autoencoding,
is a widely used unsupervised point cloud learning tech-
nique. In order to perform self-reconstruction, we use en-
coder E and decoder D from the point cloud autoencoder
(Zhang et al. 2022) based on masked autoencoders to re-
construct the 3D coordinates of the point cloud on multi-
temporal point clouds. The self-reconstruction loss is de-
fined as the chamfer distance:

Lye = ChamferDist(D(E(Py)), P:)+
Cham ferDist(D(E(P,)), P,),

where E is a hierarchical point cloud feature learning net-
work that can extract deep geometric features of the point
cloud. We extract features from different abstraction levels
and upsample them hierarchically using three nearest neigh-
borhoods interpolation following (Qi et al. 2017) to obtain
point-level features.

Foreknowledge Point Contrastive Loss. Different from
image CD, in 3DCD, some points can be known in advance
whether they are changed. For example, ground points in
the same scene and non-ground points in different scenes.
By contrastive loss of these predicted points, the feature ex-
tractor can be initialized well. We treat ground points of dif-
ferent time periods in the current scene as positive samples,
and use non-ground points of different scenes as negative
samples. The contrastive loss of foreknowledge points can
be written as:

(6)

T ,~b

eXp €G]~ (fa[c)z) (fy,z))
L c — 7. )
Y Z E exp(Ligey - (20 (779

@)
where G, is the index set of ground points in P,, obtained
through coordinates in experiment. The symbol 1;cq,) €



Figure 2: Feature Extractor initialization with foreknowl-
edge point contrastive loss. Given a point cloud of a 3D
scene, we encourage ground points to be similar to the
neighborhood region of different temporal point clouds in
the same scene (green lines), and non-ground points having
dissimilar neighborhood regions with point clouds in differ-
ent scenes (red line).

{0, 1} is an indicator function that evaluates to 1 if and only
if P, ; is a ground point, and similarly 1;¢¢,; € {0,1} is
evaluated as 1 only if P, ; is a non-ground point. We use
{bj,7 = 1,2,3,...,m} to represent different point sets in
the mini-batch with batch size m and f, is the feature of
Dq.,i in batch b. The overall framework of the foreknowledge

point contrastive objective is illustrated in Figure 2.

Total Loss Function

Finally, combining the masked consistency loss and initial-
ization of the feature extractor, we design the overall objec-
tive of this framework:

Lmucd = meon + Lrec + prc- (8)

Through minimizing this loss function, we can optimize
both the segmentor and feature extractor simultaneously.
The extracted point-level features should better conform to
the proposed assumption, and the segmentor should be able
to obtain excellent point-level change probabilities.

Experiments
Experimental Setting

Datasets. In order to conduct 3D unsupervised change de-
tection experiments, we chose the street point cloud dataset
SLPCCD (Wang et al. 2023), which is generated by a
public dataset called Change3D and used for the study of
street scene change segmentation. Change3D contains col-
ored point clouds obtained from real streets in the Nether-
lands in 2016 and 2020, collected by in car LiDAR sen-
sors. This dataset is labeled in the time-1 point cloud for
removed objects, and in the time-2 point cloud for added
objects, witch can determine shape of the removed object.
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The objects of change marked in this dataset include pedes-
trians, vehicles, benches, signs, billboards, streetlights, bicy-
cles, and other categories.

Another publicly available dataset is called Urb3DCD
(de Gélis, Lefevre, and Corpetti 2021), which is simu-
lated by 3D aerial LiDAR to collect 3D models of cities.
Urb3DCD is divided into 5 sub datasets each with differ-
ent resolutions, noise, and sensors. Unlike Change3D, this
dataset only scans the highest floors of buildings due to its
use of aerial LiDAR to capture object descriptions with only
height information. Change3D captures the overall shape in-
formation of objects more accurately through car LiDAR.

Overall, Urb3DCD belongs to the change detection task
of large city 3D maps, while Change3D belongs to the
change detection task of detailed object information in in-
door or street small-scale scenes.

Implementation details. In all experiments, we sample
8192 points for each point cloud for training and testing,
and only normalize coordinate information to zero mean and
unit variance as input. The k in all regional features related
to feature metric learning in the main experiment is set to 8.
When training the network, we use the Adam optimizer, set
the batch size to 4 and set the initial learning rate to 0.001
reducing it exponentially (with a decay rate of 0.7). In the
inference stage, we use a threshold of 0.5 credibility to seg-
ment the change points.

In previous section, we have elaborated on the impact of
feature quality for networks. In order to train the network
normally, the epoch for feature initialization be set to 40,
and the epoch for joint training should also is set to 40. In
each epoch of the overall training process, we optimize pa-
rameters of the feature extractor using the objective L,.. and
Ly, to better guide segmentation with the extracted features.
When current epoch exceeds the epoch of feature initializa-
tion, Lcon 1 calculated to optimize parameters of the seg-
mentor. In summary, the objective of initialization operation
in the feature extractor makes it possible to learn discrimi-
native features, while the loss of masked consistency forces
the network to predict similar features in unchanged regions.

For evaluation indicators, we use the most commonly
used methods in change detection, namely overall accuracy
(OA) and mean intersection over union (mloU), for evalu-
ation. Where mloU is the mean of the IoU values for three
marker points: unchanged, removed, and added.

Comparison Experiments

We conduct a fair comparison with state-of-the-art methods,
which are mainly divided into two categories: supervised
methods and weakly-supervised methods. To our knowl-
edge, there are not works to solve point cloud change de-
tection through unsupervised methods.

Comparisons with Supervised Method. We first com-
pare our method with existing supervised method and pro-
vide a comparison of 3DCDNet and its proposed various
popular supervision baselines. The results are summarized
in Table 1. We observe that the small PointNet++ basic
model trained by our method can surpass most advanced
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Figure 3: Visualization of the comparison results on
SLPCCD. The changed points are marked in red and the un-
changed points in blue.

methods. Compared with supervised methods, MUCD out-
performs PointNet-based, PointMLP-based, and PointConv-
based methods with 12.47%, 1.07%, and 18.32% mloU
terms, respectively. In terms of OA, our method outper-
forms any other method except 3DCDNet, achieving im-
provements of 6.08%, 0.66%, 3.43%, 4.74%, and 1.68%
compared to the selected comparative method.

Method Type OA | mloU
PointNet-Siamese Sup. 89.67 | 48.01
PointNet2-Siamese Sup. 95.09 | 67.55
PointMLP-Siamese Sup. 92.32 | 5941
PointConv-Siamese Sup. 91.01 | 42.16
DGCNN-Siamese Sup. 94.07 | 62.30
3DCDNet Sup. | 95.85 | 74.45
MUCD(Ours) Unsup. | 95.75 | 60.48

Table 1: Comparisons of our method aganist the state-of-the-
art supervised point cloud models on SLPCCD.

We visualize the change graph in Figure 3. It can be seen
that our method performs better in situations where there
are changes in semantic information in the scene (such as
road signs changed to trees), rather than just changes in spa-
tial occupancy. This is because unlike supervised point cloud
change detection that directly learns the content of interest
from labels, our method focuses more on mining the shared
intrinsic semantic and structural information contained in
the unchanged regions of the point cloud itself.

Comparisons with Weakly-Supervised Method. More
exciting, compared to existing weakly-supervised meth-
ods, our method also achieve competitive results in terms
of training time, parameters and effectiveness. DC3DCD
(de Gélis, Lefevre, and Corpetti 2023) utilizes a siamese net-
work to extract the point-level features of a multi-temporal
point clouds, and then obtains change features through near-
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est neighbor fusion and clusters them. Use the obtained
cluster centers to calculate pseudo labels for each point
to guide backbone learning. In the inference stage, due to
the need to map the clustering category k to the final seg-
mentation category c using point level labels, De Gélis
et al. (de Gélis, Lefevre, and Corpetti 2023) classify this
method as a weakly-supervised method. It is worth noting
that DC3DCD needs to extract point level features twice
in each epoch, respectively, to obtain the cluster center and
train the network backbone, which also results in its training
speed far inferior to our method. We compare the compari-
son results of the two methods in detail in Table 2.

Method Type mloU  #Params Time(S.)
DC3DCD Weakly Sup. 47.27 39.9M 730
MUCD(Ours) Unsup. 60.48 22.02M 69

Table 2: Comparisons of our method aganist the state-of-the-
art weakly-supervised point cloud models on SLPCCD.

Transfer Experiment. In order to further explore the gen-
eralization ability of segmentor trained by our unsupervised
method, we conduct direct transfer experiments on existing
datasets. As shown in Table 3, we train the same segmentor
using our method and labels on the SLPCCD training set,
and test it on the Urb3DCD testing set. We see that unsuper-
vised methods outperform supervised methods on five sub
datasets with heterogeneous quality. This indicates that un-
supervised learning has stronger transferability than super-
vised learning, and our model can be well extended to var-
ious invisible data because we learn from shape structures
rather than labels. Figure 4 reports the visualization results
of our method on the Urb3DCD testing set.

Dataset Training Method | OA | mloU
Urb3DCD subdataset-1 sup. 91.53 | 35.88
ALS Low Res ours 96.43 | 46.53
Urb3DCD subdataset-2 sup. 93.96 | 35.33
ALS High Res ours 96.79 | 47.59
Urb3DCD subdataset-3 sup. 91.14 | 36.04
ALS High Noise ours 96.83 | 44.04
Urb3DCD subdataset-4 sup. 92.13 | 35.67
Photegrammetry ours 97.1 | 43.03
Urb3DCD subdataset-5 sup. 90.41 | 35.28
Multi-Sensor ours 95.6 | 42.46

Table 3: Comparisons of our method aganist the supervised
counterpart on Urb3DCD testing set.

Ablation Experiments

Ablation Experiments of Segmentation Effect. Firstly,
we conduct a detailed ablation study based on the small
PointNet++ network. The results are summarized in Table
4. Baseline model A can be seen as a variant of autoen-
coder (Zhang et al. 2022), which is trained only through self-
reconstruction loss. In fact, the model has degenerated into a
method of autoencoder plus threshold segmentation, which
uses size of feature difference for segmentation in the in-
ference stage. The segmentation accuracy is relatively low,
with an mIoU of 44.45%. The baseline model B is trained
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Figure 4: Visualization of results on Urb3DCD testing set.
The added points are marked in green, removed points in
red and the unchanged points in blue.

on a small PointNet++ segmentor using MCL, and the per-
formance is only 41.79%. This is consistent with the issue
that training the segmentor becomes exceptionally difficult
due to feature quality. We can see that the model trained
jointly with the proposed feature extractor and segmentation
(Model C) can improve the baseline models of the autoen-
coder and segmentation by 2.65% and 5.31%, respectively.
This convincingly confirms its effectiveness. After adding
NFF modules to the splitters in models B and C, it can be
seen that the performance has been improved. This confirms
the necessity of feature fusion in handling change detection
task, and this paper only proposes one of the most basic fea-
ture fusion methods. In addition to reconstruction loss, the
predictive point comparison loss (Model F) proposed in this
paper also significantly improved by 11.48% on the base-
line. Then, when combining these two losses, the effect can
be further improved to 60.48%.

Model | MCL(Lyycon) NFF  Ly.  Lge OA  mloU
A v 92.32 4445
B v 929 41.79
C v v 93.9 47.1
D v vV 93.01 44.24
E v v v 94.64 55.72
F v v v | 9431 5448
G v v v v | 9575 60.48

Table 4: Ablation study on SLPCCD testing set.

For the proposed loss terms, the above ablation experi-
ments achieve the best results when k = 8. The number of
nearest neighbors is a crucial setting. In Table 5, we conduct
ablation experiments on this hyperparameter, and the model
achieve optimal performance when k is set to 8. It can be
seen that before k = 8, the segmentation performance is sig-
nificantly improved compared to k = 1 and k = 4, indicating
that a larger receptive field can improve model performance.
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However, when k is large (k = 16), it will have a negative
impact. This is because for small objects in unchanged re-
gions, using a larger receptive field for feature consistency
loss may cause their features to be closer to those of nega-
tive samples, contaminate features, and lead to a decrease in
network performance.

K-NN | Background Added Removed OA  mloU
1 94.72 34.79 37.87 94.46  55.79
4 94.61 38.11 40.14 948 57.62
8 95.61 42.53 43.32 95.75 60.48
16 94.82 33.14 33.58 95.11 56.23

Table 5: Ablation study of the k of MCL on SLPCCD testing
set.

Ablation Experiments of Quality of Feature Extractor.
We conduct ablation experiments on the quality of extracted
features to confirm the effectiveness of the method and the
proposed assumption. We obtain a feature difference map
by comparing the feature difference between each point and
its nearest neighbor in another phase point cloud, and fur-
ther obtain a feature difference heatmap. In order to clearly
demonstrate the feature similarity of unchanged regions, we
report the feature visualization results in Figure 5 for both
autoencoder only and with the addition of our modules. It
can be seen that feature difference only trained by self-
reconstruction task (i.e. autoencoder) are concentrated in the
middle value, which is not conducive to segmenting and ob-
taining the change map.

Towm-jurog

zaum-jurog

(b)

(a) (© (d
Figure 5: Feature different map visualization of the proposed
method. (a): Point clouds, (b): Ly, (€)1 Ly + Lgpe, (d)

Lyee + Lype + MCL.

Conclusion

We propose a novel unsupervised learning method to solve
the task of point cloud change detection. The proposed MCL
considers the feature similarity of unchanged scenes by uti-
lizing shared information from point cloud of different time
phases. We also enhance feature representation through ex-
cellent initialization tasks to reduce the adverse effects of
feature pollution on training. Extensive experiments demon-
strate the effectiveness of this method on two existing bench-
mark datasets for 3D change detection in real scenes. For the
proposed MUCD, the segmentor and feature extractor net-
works can be replaced or improved, which will be explored
in future.
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