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Abstract

Image-based Pose-Agnostic 3D Anomaly Detection is an important task that has emerged
in industrial quality control. This is an object-central task that seeks to find anomalies
from pose-known query images of a tested object given a set of reference images of a
standard anomaly-free object. There is also a similar task: Image-based Scene Change
Detection which focuses on the differences in a scene instead of an object. Image-based
Scene Change Detection is a critical task in mapping and monitoring a scene, seeking to
find the semantic changes in a scene described by two sets of images (reference and query)
captured at different timestamps.

For those industrial detection tasks, image sensors are widely used for their ease of use
and low cost to acquire. However, the most commonly used image sensors: RGB cameras
are only capable of capturing 2D information in the form of an RGB image from a specific
angle of an object or a scene. While, in the context of imaged-based anomaly detection
and change detection, reference images and query images are often taken from different
poses; and the poses of the query views can be unknown. As a result, reference images
and query images cannot be compared easily. Recent learning-based methods, for exam-
ple, OmniposeAD [66] and SplatPose [23], employ Novel View Synthesis (NVS) Methods,
i.e., Neural Radiance Field [33] (NeRF) and Gaussian Splatting [20] to bridge the gap by
simultaneously localizing the query image with respect to the reference images and syn-
thesizing pseudo reference images for the query views for direct pixel-to-pixel comparison.
However, these learning-based methods suffer from long localization overhead during the
inference stage because inversed Neural Radiance Field methods, e.g., INeRF [64], can take
hundreds of gradient descent steps to localize and refine the poses.

This paper introduces a hybrid approach SplatPose+ [30] that maintains both a learning-
based model (Gaussian Splatting [20]) for NVS and a Structure-from-Motion (SfM) model
(Hierarchical Localization [52]) for localization, which takes the advantage of the fast train-
ing and inference of 3D Gaussian Splatting [20] and the fast localization of Hierarchical
Localization [52]. On the Image-based Pose-Agnostic 3D Anomaly Detection task, al-
though our proposed pipeline requires the computation of an additional SfM model, it
offers real-time inference speeds and faster training compared to SplatPose. Quality-wise,
we achieve a new SOTA on the Pose-agnostic Anomaly Detection benchmark with the
Multi-Pose Anomaly Detection (MAD-SIM) dataset. On the Image-based Scene Change
Detection task, we achieve a higher Intersection over Union (IoU) than previous super-
vised methods on the binary change detection sub-task without environment variations.
Moreover, we demonstrate the potential of combining SAM2 [11] with SplatPose+[30] to
further refine the object-level change masks toward higher accuracy.
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Chapter 1

Introduction

1.1 Motivation

In the context of computer vision, various detection tasks focus on detecting objects or
regions of interest, including anomalies and changed objects, in different representations,
for example, images, videos, point clouds, and meshes. Some of the detection tasks, for
example, face detection in images, are well-researched and have been applied to modern
smartphones. While other tasks are under-researched and still require human interventions.
These tasks are often tedious for humans to mark the targets manually. Moreover, human
errors could impact the detection accuracy. For example, it is hard for humans to find all
the differences in the ”Spot the Difference” game, in which, a lot of tiny changes exist. As a
result, the automation of these detection tasks is urgently demanded to facilitate important
jobs in various industrial and engineering applications, including quality control, video
surveillance, and autonomous vehicles. In this thesis, we will focus on bridging the gaps
in two recently proposed industrial detection tasks: Image-based Pose-agnostic Anomaly
Detection (PAD) and Scene Change Detection (SCD).

e Image-based PAD is a sub-task of anomaly detection that detects the anomalies
in pose-unknown query images of a tested object given its anomaly-free reference
images. This task is non-trivial because it is often impossible to find a pose-aligned
refer image for comparison with a query image. Another difficulty in developing a
PAD algorithm is that its applications, e.g., quality control on an assembly line, often
require real-time performance. Therefore, an efficient PAD algorithm, ideally over
10 fps, is demanded for this use case. Besides the efficiency, AUROC and AUPRO



(defined in Eq. (3.1) and Eq. (3.3)) are two important metrics in evaluating the
accuracy of a PAD algorithm, both measuring the performance of a binary classifier
across different thresholds.

e Image-based SCD is a sub-task of change detection that differs between two captures
of a scene at different times, e.g., detecting new or missing objects. This task is
different from the PAD task in that the changes are object-level and multiple changed
objects can occur. Moreover, SCD may involve semantic change where curtain objects
still remain in the scene but are moved, rotated, or regrouped. However, the challenge
in this task is similar to that in PAD where the two captures could involve images
taken at unknown and unaligned perspectives, prohibiting the direct comparison of
query and refer images. SCD algorithms are usually evaluated on Intersection over
Union (IoU) metric, which evaluates the overlap ratio between the predicted change
mask and the ground truth.

1.2 Problem Definition and Scope

PAD

Anomalies are the parts of the data that do not follow the patterns of the majority of
the data. Anomalies are often referred to as outliers, and we might use these words
interchangeably. For example, as illustrated in Tab. 1.1, a data point that deviates from
a linear distribution dataset can be an outlier in Statistics, and a dead pixel in an LCD
display can be an anomaly in the electronics industry.

Anomalies detection is the process of identifying and locating the abnormal data that
deviates from the standard or expected distribution. The task of anomaly detection can be
traced back to as early as the nineteenth century by Edgeworth [17]. According to a survey
on anomalies detection by Chandola, et al. [3], a substantial amount of research [16, 3, 4]
was focused on statistical outlier detection before the 21st century. Since then, increasingly
more methods have been developed for this task from statistical methods to deep learning
methods. However, according to Chandola, et al. [3], more targeted methods are developed
than generic methods for specific application domains. This is because there are emerging
sub-tasks of anomaly detection that focus on locating outliers for different applications
in different data modalities, e.g., from unstructured data (images, videos, tweets, ...) to
structured data (credit card transactions, stock prices, and volumes, ...). Therefore, in
this thesis, we limit the scope of the research to the PAD sub-task and the data type to
multi-view image data.
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Table 1.1: Samples of Anomalies

Image-based PAD is a task that compares a set of inward-facing reference images R
comprised of multiple views of a standard object (without anomalies) with a set of query
images ) to deduce if each query image contains anomalies. The reference set R is consis-
tent. While the query set () can be inconsistent, that is, these images do not necessarily
come from the same object. Therefore, PAD algorithms are designed to predict anomalies
in each query image separately. The main application for this task is to automatically
detect faulty products from an assembly line. However, previous algorithms typically rely
on time-consuming INeRF [(4]-like algorithms to locate query images, which slow down
the inference speed significantly.

For this task, the previous best method: SplatPose [23] inferencing only at 0.2 fps,
cannot run in real-time. We will improve it to approximately 30 fps with even better
accuracy by adopting an efficient Structure-from-Motion (SfM) framework: hloc [52] for
localization and the initialization of 3D Gaussian Splatting [20] (3DGS).

SCD

Most scenes and areas are non-stationary, which means they are constantly changing as
time goes on. As its name, change detection is a process designed to locate changes in a
scene or at a location over time. This task usually operates on time series data, which can
be as dense as daily tide levels at a beach or as sparse as two satellite images of an area
taken at two different times. The data types can also vary depending on the applications,
which can be images (2D), point clouds (3D), Digital Surface Model (DSM)s, and multiview
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images (3D). For example, DSMs are mostly used in remote sensing, while images can be
used for generic change detection.

Change detection was first developed as an important part of the research field of remote
sensing [12, 43], which developed various statistical (for 2D representations), geometrical
(for 3D representations) and deep-learning-based (for 2D & 3D representations) methods.
Nowadays, there are new applications for change detection, for example, surveillance and
autonomous driving that require the development of customized algorithms. In this thesis,
we will focus our research on scene change detection that operates on 3D scenes described
by multi-view images.

Image-based SCD is a task that compares 2 sequence of images R, () taken at the
same location but different timestamps tg, t; as illustrated in Tab. 1.2, and identifies the
changed objects. Each set of images is consistent, i.e., taken from the same scene, and can
be inward-facing or outward-facing. For example, an inward-facing scene can be sampled
by taking a video by going around a table and pointing the camera toward the table;
while an outward-facing scene can be sampled by taking a 360° panoramic video toward
all the walls in a room. The use cases for this task include tracking construction progress,
updating street view maps, and monitoring critical areas.

Table 1.2: Image-based 3D Scene Change Detection Example: Predict change masks given
reference and query image sequences.

For the image-based SCD task, current methods are mostly supervised methods based
on 2D vision models, e.g., Vision Transformers (ViT) [16]. These methods require a long
training process and are likely to suffer precision loss when input images are captured from
different perspectives. We bridge the gap by being the first method to apply Novel View
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Synthesis (NVS) methods on the SCD task to align the views of input images, which, at
the same time, reduces this task into a simple image differencing problem.

Overall, PAD and SCD play important roles in industrial applications and are labour-
intensive if without automation. Because of the similarities in these two tasks, it is possible
to develop an automated algorithm for both tasks. This thesis will focus on solving both
tasks in a unified pipeline that employs hybrid 3D representations including a 3DGS model
and a SfM model. The unification is achieved by transforming the problem into a gen-
eralized image differencing problem that only requires the reference image set R to be
consistent.

1.3 Outline

e Chapter 2 contains a comprehensive review of previous anomaly detection and change
detection methods. The latest methods of our specific research domains, i.e., PAD
and SCD will be introduced in Chapter 3 and Chapter 4 respectively.

e Chapter 3 introduces a state-of-the-art real-time image-based PAD method and
benchmarks the performance on the MAD-Sim [66] dataset.

e Chapter 4 explains how to adapt the method introducted in Chapter 3 on the SCD
task. This chapter also demonstrates that it is possible to employ SAM2 [11] to refine
the binary change masks.

e Chapter 5 concludes the thesis and discusses the future works that can be further
researched based on this work.

1.4 Contributions

First, we introduce the very first real-time method for the PAD task, which also achieves
higher accuracy and sparse-view robustness than previous methods. The ability to run
in real-time allows this method to be truly applicable for quality control on an automatic
assembly line that never stops.

Second, we adapt our method to solve the SCD tasks. Our adaption is revolutionary
because previous learning-based SCD methods are mostly supervised. These methods
employ heavy neural network structures that are slow to train and require a large amount



of training data. On the contrary, our method is unsupervised, that is, does not require
training and supervision on the training data as well as labels. This improvement is crucial
for the development of the SCD task because a large scene can contain thousands of images,
in which, capturing the scene and annotating all images are costly.

Lastly, we show that a foundation model SAM2 [11] can be combined with our method
to further refine the quality of the predicted change mask. Since SAM2 is pre-trained on
universal object classes, no further training is required to integrate SAM2.



Chapter 2

Review of Previous Methods

2.1 Overview

Change Detection and Anomaly Detection are popular tasks, where various methods have
been developed to cope with different types of scenes and use cases. On the high level,
they can be classified by the dimensionality of the scene, i.e., 2D representations or 3D
representations.

2D Change Detection and Anomaly Detection operate on scenes or objects described
by 2D images. One of the very first use cases of 2D Change Detection is analyzing changes
in satellite images for a Geographic Information System (GIS). GIS relies on 2D Change
Detection algorithms to study changes in landforms, e.g., vegetation, water systems, and
artificial landforms, which are important for researchers to understand the impacts of
human activities or natural disasters on the macro-level. 2D Anomaly Detection algorithms
are also important in industrial applications for quality control and workpiece inspection.
MVTec AD: the MVTec Anomaly Detection dataset [5, 0] illustrated different kinds of
anomalies in the different industries. For example, 2D Anomaly Detection algorithms can
be used to detect broken threads on carpets in the textiles industry, cracks on nuts in the
food processing industry, and broken capsules in the pharmaceutical industry.

3D Change Detection and Anomaly Detection operate on scenes or objects described
by 3D representations, including stereo images, multi-view images, point clouds, DSM,
and other explicit or implicit 3D representations. 3D representations contain richer infor-
mation than 2D representations, which could facilitate Change Detection and Anomaly
Detection under more complex environments with occlusions, rotations, or translations of



objects. However, running Change Detection and Anomaly Detection algorithms on 3D
representations also needs more effort in collecting and processing 3D data as 3D data
require special sensors to collect and are often magnitudes bigger in size than 2D images.
With the development in 3D vision sensors, including stereo cameras and Light Detection
and Ranging (LiDAR) sensors, 3D data can be acquired more easily at a cheaper cost. As
a result, more methods and applications of 3D Change Detection and Anomaly Detection
have emerged. For example, self-driving cars can use stereo-camera or LiDAR to detect
moving pedestrians and other vehicles. While, in GIS, height-differencing is often applied
to compare landscapes modeled by DSMs.

2.2 2D Image-based Methods

2D Change Detection and Anomaly Detection are popular tasks even before the recent
developments and applications of deep learning methods in the field of Computer Vision.
According to a 2004 literature review ”Change Detection Techniques” by Lu, et al., [12],
image differencing, Principal Component Analysis (PCA), and post-classification compari-
son were the most common methods used for change detection. These methods are mostly
unsupervised and are based on heuristics and statistics.

e Image differencing is the most straightforward algebraic method which simply sub-
tracts the query and reference image pixel-by-pixel. Muchoney and Haack applied
image differencing on ”Change Detection for Monitoring Forest Defoliation” [31].
However, this method requires pixel-to-pixel alignment of the query and reference
images and picking an appropriate threshold or applying a filter on the difference
between those two images to get the final change mask.

e PCA is a popular statistical method that works on Change Detection or Anomaly
Detection under the assumption that the underlying image or background are the
main components, and the changes or anomalies are the minor components in the
compressed space after performing PCA. According to Lu et al. [12], there are two
ways to apply PCA: perform PCA on reference and query image together and ana-
lyze the minor components; or perform PCA separately and then subtract the query
principle component image from the corresponding reference principle component
image. Li and Yeh [21] applied PCA on finding a temporal change of remote sensing
images for studying urban expansion. Meijer, et al. [32] applies PCA on unsupervised
anomaly detection in sewer images. However, this method may fail when the changes



are drastic where the changes will change the distribution and become the new prin-
ciple component. Moreover, this method also requires picking an appropriate thresh-
old and determining which components to select as the major (background)/minor
(changed/anomalous) components.

e Post-classification comparison is a classification/segmentation-based method that
first segment both query and reference images into objects or classes, and then com-
pare the segmented images region by region. Serra, et al. [37] applied this method to
change detection for land cover and land use. A benefit of this method is that it can
handle environmental changes. For example, although the colour of the sky can be
blue in the reference image but gray in the query image, the sky will not be marked
as changed as long as the sky region is classified correctly. The limitation is that this
method highly relies on the accuracy of the segmentation model.

After deep learning became popular in the field of Computer Vision, more learning-
based methods emerged to solve change detection and anomaly detection tasks. Learning-
based methods can be divided into two groups: supervised and unsupervised. Popular
supervised methods include Convolutional Neural Network (CNN) and ViT [16]; while
unsupervised methods are commonly based on Autoencoder.

e CNN are one of the most popular network structures in deep-learning-based Com-
puter Vision thanks to their efficiency, accuracy, and versatility in various tasks. CNN
employs convolution and pooling operations to quickly extract spatial information
while reducing the resolution of the input images. Because the number of learnable
weights in the convolution kernels is far smaller than the number of pixels in input
images and convolution can be efficiently executed in a highly parallel manner on
modern graphic cards, CNN is memory-efficient and fast to train. C-3PO [03] ap-
plied different CNN structures, including VGG, [56], ResNet [19], and MobileNetV2
[50] to solve general change detection task. The limitation of CNN is that the CNN
captures more spatial information in local neighbourhoods than in the global context
because of the relatively small receptive field of convolution kernels. As a result,
CNN may not be able to capture global changes/anomalies accurately.

e ViT is a modified Transformer [00] that operates on 16*16 pixel blocks instead of text
inputs. It divides an image into 16*16 blocks and applies the attention mechanism on
the sequence of flattened blocks, i.e., 256 or 768-dimensional vectors for grayscale or
RGB images. ViT inherits the capability of the Transformer to extract information
between any pair of data in the input sequence. Thus, ViT can learn more global



spatial information than CNN, while still being able to capture local spatial informa-
tion in images. GeSCF [21] used pre-trained ViT to extract features, and adaptive
thresholding function on the features to obtain the change mask. The main drawback
of ViT is its slow training and inference speed due to its O(n?) complexity attention
operation where n represents the sequence length.

e Autoencoder is similar to PCA, which are both designed to extract compact lower
dimensional data from higher dimensional inputs. Similar to PCA, Autoencoder
can solve the change detection and anomaly detection task by only learning the
unchanged /normal distribution from the reference images, thus not being able to re-
construct changed/anomalous areas in query images. Therefore, the reconstruction
loss indicates the deviation of the query image from the reference image distribution,
i.e., a higher reconstruction loss indicates a higher chance of anomaly. However, un-
like PCA, which is linear and deterministic, Autoencoder is nonlinear and learnable,
which enables it to extract complex and nonlinear latent information in the data.
Zimmerer, et al. [067] applied Autoencoder on unsupervised MRI image anomaly de-
tection.

2.3 3D Methods

3D Change Detection and Anomaly Detection are generally more difficult than 2D image-
based Change Detection and Anomaly Detection. According to Qin, et al. [13], there are
three main challenges for 3D Change Detection: higher uncertainty in 3D representations,
fusion of multi-modal data, and handling different viewing perspectives. 3D representa-
tions, especially point clouds, cannot describe a scene definitely because of the constraints
on sampling resolutions and the zero-dimensionality property of points. As a result, thin
objects might be missed and textures (2D features) cannot be captured in a point cloud.
Moreover, 3D representations with different uncertainties and distributions need to be fused
for change detection in certain scenarios, for example, self-driving cars. In which, stereo
images from stereo cameras and point clouds from LiDARs are usually combined for the
perception of moving cars and pedestrians. Lastly, 3D representations could be captured
from different perspectives, which hinders the direct comparison of two scenes or objects.
As a result, data alignment and/or registration are often required.

Because of the complexity in collecting and processing 3D data, 3D Change Detection
and Anomaly Detection methods are generally developed later than 2D methods. Initially,
rudimentary methods have been developed by comparing the geometry between two 3D
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representations. Later, the development of machine learning models enables the fusion
of geometrical information and other features, including RGB images and radar images.
Lately, rendering or projection-based methods have been developed thanks to the advance-
ment in NVS methods.

e Geometric comparison methods often use heuristics to compare two 3D represen-
tations, including DSMs and point clouds. Heuristics include height differencing,
euclidean distance, and k-nearest neighbors (KNN). For example, height differencing
is the simplest heuristic that is often used in comparing DSM where the height of
the two surfaces are subtracted, filtered and thresholded to find changes between
two surfaces. Height differencing is used widely in remote sensing research, for ex-
ample, detecting building changes [15] and updating maps [53]. Euclidean distance
is another popular metric, which can be applied on both DSMs and point clouds.
Euclidean distances can be calculated between surface-to-surface, point-to-surface,
or point-to-point when comparing a DSM to a DSM [12], a point cloud to a DSM
[12], or a point cloud to a point cloud [7] to measure the similarity and difference
between two 3D representations. KNN algorithm is often used together with the
Euclidean distance to computer the average Euclidean distance between a point and
its k-nearest neighbours. For example, Chai, et al. [7], proposed a KNN-based met-
ric: ”Density Adaptive Local Euclidean Distance”, for 3D Change Detection. KNN
can also be combined with other point features to compute a k-nearest-neighbour-
distance-weighted features. For example, PointCore [65] employed such a strategy
for 3D Anomaly Detection.

e 3D scenes can carry more information than the geometry, e.g., colour, which can
assist in detecting changes and anomalies. Therefore, various methods have been
developed to fuse multi-modal data for better accuracy. At an earlier stage, data
are often simply fused. For example, Sasagawa [53] simply overlayed the height-
differenced DSM change mask with the pixel-wise satellite image change mask to
predict the changes in topographic maps. Later, machine learning models, including
CNN and Transformers, enable early fusion of features and multi-modal data. For
example, Liu, et al. [27], proposed a Transformer-based change detection model that
fuses images and DSM data by learning a shared representation via cross-attention.

e Rendering or projection-based methods are designed to convert 3D representations
back to 2D for comparison. One motivation is that 3D data are often bigger in size
and more complex. A point cloud or a mesh of a scene may contain millions of
points and faces, the running time and memory requirement for methods processing
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3D representations directly could be unaffordable. The other motivation is to con-
duct change detection or anomaly detection between 2D and 3D representations, e.g.,
finding changes in an image to give a 3D reference model. In the work ”3D change de-
tection at street level using mobile laser scanning point clouds and terrestrial images”
[11], terrestrial images were registered against a mobile laser scanned point cloud,
and then the point cloud was projected onto each terrestrial image for comparison.
However, the projection of the point cloud to 2D is not trivial because one needs to
determine the occluded points that should not be rendered. Although the front and
back faces can be determined when using a mesh as the 3D representation, mesh is
expensive to construct and the projection of mesh onto 2D may not be photo-realistic
from unseen perspectives. Later, the emergence of Neural Radiance Field [33] (NeRF)
solved these issues by learning an implicit 3D model for high-fidelity rendering from
unseen views. OmniposeAD [(0] is a rendering-based 3D anomaly detection method
that maintains a reference NeRF model of an anomaly-free reference object. For each
query image, OmniposeAD first localizes it against the reference NeRF model and
then renders synthetic reference images from the same perspective for comparison.

2.4 Conclusion and Motivation

As discussed in Sec. 2.2 and Sec. 2.3, 2D methods are generally simpler and faster than
3D methods. However, the limitation is also obvious: 2D methods cannot handle different
perspectives easily. On the other hand, 3D methods and representations are more powerful
but are more computationally expensive. As a result, we aim to combine the advantages
of both 2D and 3D methods while minimizing the computation overhead by adopting the
path of rendering-based 3D Change Detection and Anomaly Detection methods. This
path essentially helps us reduce the comparison of two 3D scenes or objects down to the
comparison of a pair of 2D images. We will explain the process in detail in the next chapter.
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Chapter 3

Real-time Image-Based
Pose-Agnostic 3D Anomaly
Detection

3.1 Preface

This chapter is adapted from the paper ”SplatPose+: Real-time Image-Based Pose-Agnostic
3D Anomaly Detection” [30] accepted at the ECCV 2024 VISION workshop.

3.2 Introduction

Inspection is a critical procedure in manufacturing to sort out defective products with man-
ufacturing flaws such as missing parts, stains, burrs, and holes. Traditionally, humans are
employed to visually inspect the products on assembly lines; however, because of the high
cost and human errors, algorithms have been developed to automate anomaly detection
by comparing photos of a standard product (reference images) and photos of a product to
be tested (query images). Traditional approaches [39, 61, 11] rely on supervised training
with both normal and defective samples. According to a survey on anomaly detection
conducted by Liu, et al. [28], more recent anomaly detection methods have shifted towards
unsupervised training, using only normal samples. The reason behind the shift towards
unsupervised training is the dis-proportionality of positive and negative samples and the
inability of supervised models to generalize on unseen anomalous samples. One challenge
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in developing an unsupervised algorithm is that the model only sees an anomaly-free object
from a set of predetermined reference views, while, in the testing stage, the object may
have arbitrary orientations. Thus, anomaly detection algorithms need to be able to detect
defects from images taken from any viewing angle, which is unknown and can be different
from the reference views. This specific problem has been researched and named by Zhou,
et al., as the Pose-Agnostic 3D Anomaly Detection (PAD) problem[G0].

Intuitively, this problem can be broken down into two sub-problems. First, the poses
of query images are unknown. Second, no reference images are available for the query
views. The first sub-problem can be solved by building a structure-from-motion model
to localize query images. However, before the recent development of NVS methods, the
second sub-problem is hard to solve. SfM models, though able to optimize a dense mesh
for the scene, cannot render high-fidelity unseen views. Recent developments in learning-
based NVS methods including NeRF and 3DGS enable direct pixel-to-pixel comparison by
synthesizing pseudo reference images from the query view. Current state-of-the-art (SOTA)
PAD methods rely on the same learning-based 3D representation for both sub-problems:
localization and NVS. However, localization via learning-based 3D representation is costly
because these methods need to back-propagate gradients from the image reconstruction loss
to the camera poses, and refine those poses through gradient descent hundreds of times.
As a result, current methods could take seconds, or even minutes, to detect anomalies in
a query image.

Therefore, in this work, we propose an unsupervised method: SplatPose+, to solve
the PAD task in real time. SplatPose+ uses a hybrid 3D representation, combining a
feature-matching-based SfM model and a learning-based 3DGS model. This hybrid struc-
ture enables us to efficiently localize query views and synthesize high-fidelity anomaly-free
pseudo reference images for direct pixel-to-pixel comparison. Efficiency-wise, SplatPose+
is 37.4% faster in training and 147 times faster in inference than the current SOTA: Splat-
Pose evaluated on the MAD-Sim dataset. Accuracy-wise, SplatPose+ reaches the new
SOTA on the MAD-Sim dataset as shown in Tab. 3.2 and Tab. 3.3. Moreover, SplatPose+
outperforms current methods given sparse-view training data. As illustrated in Fig. 3.3,
when only using 40% of the training data, the anomaly detection and segmentation scores
of SplatPose+ are still higher than the current SOTA trained on all reference images. To
summarize, our contributions include:

e The first real-time image-based 3D pose-agnostic anomaly detection method.

e Achieves top efficiency and best anomaly detection and segmentation scores on the
MAD-Sim Dataset.
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e Robust anomaly detection performance given sparse-view training data.

3.3 Related Work

3.3.1 3D Reconstruction

In computer vision, 3D Reconstruction is a process that computes a 3D representation from
a set of 2D images of a scene or an object from multiple viewing angles. Traditionally,
SfM methods are developed to optimize a sparse model and extract poses from a set of
images through feature extraction and feature matching. Colmap [51, 55] is a well-known
SfM pipeline that uses SIFT [31] as the feature extractor and RANSAC [15] as the feature
matcher. Later on, a more advanced and flexible SfM pipeline: Hierarchical Localization
(hloc) [52] has been proposed to incorporate more advanced feature extractors (SuperPoint
[13] and DISK [58]) and feature matchers (SuperGlue [62] and LightGlue [20]), which can
generate better feature descriptors and more robust matches.

3.3.2 Novel View Synthesis (NVS)

Novel view synthesis is a task that synthesizes arbitrary views from a given set of images of
a scene or an object. Although SfM methods can reconstruct dense 3D meshes, 3D meshes
generally cannot generate high-fidelity images from unseen views. As a result, new classes
of learning-based methods have been proposed for this task, including NeRF [33] and 3D
Gaussian Splatting [20]

NeRF [33] represents a scene of an object using an implicit neural representation. NeRF
deconstructs each image into individual pixels, with each pixel representing a unique ray
that extends from the camera to the object in the scene. A set of 5D Points, consisting
of coordinates (z,y, z) for the location and (6, ¢) for the viewing angle, are sampled along
each ray as input for a Multi-layer Perceptron (MLP) that predicts the colour and density
of each point. Finally, the colour and density values predicted along a ray are accumulated
via volume metric rendering to calculate the pixel colour. NeRF is able to synthesize
photorealistic novel views. However, NeRF is computationally expensive, taking hours to
train for each scene. This is because it is an implicit representation, which requires millions
of queries of the MLP to generate a single image.

3D Gaussian Splatting (3DGS) [20], unlike NeRF, represents a scene or an object using
an explicit representation consisting of anisotropic 3D Gaussian colourized by spherical
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harmonics. 3D Gaussians are initialized by randomization or a reference sparse point
cloud produced by a SfM system. Rays are sampled in a similar fashion as in NeRF.
However, the colour of a ray is accumulated by the view-dependent colour and density
values from 3D Gaussians that the ray intersects. By using an explicit representation, no
MLP queries are required. As a result, 3DGS can be trained within minutes and rendered
in real-time.

3.3.3 Image-Based Pose-Agnostic 3D Anomaly Detection

OmniposeAD [60] is the first Pose-Agnostic 3D Anomaly Detection method proposed to-
gether with the MAD-Sim dataset. It utilizes NeRF to reconstruct pseudo reference and
query image pairs for pixel-to-pixel comparison. A neural radiance field is trained using
multiview images from the anomaly-free reference object. For each query image, the coarse
query pose is determined by the pose of the reference image that has the most LoFTR, [77]
matches with the query image. INeRF [(4] optimizes the coarse pose for the fine pose
given the reference NeRF model. Then, NeRF synthesizes the pseudo reference image as
if captured from the query view using the fine pose localized from each query image. After
that, a pre-trained CNN is applied to extract features from the pseudo reference and query
image pair. Finally, the anomaly scores are calculated by the L2 difference between the
feature maps and the difference in RGB values. According to Zhou, et al., OmniposeAD
outperformed other non-NVS-based methods [60] at that time. However, OmniposeAD is
slow to train (4.5 hours) and infer (1 minute).

SplatPose [23] is proposed to improve the efficiency and the anomaly detection accuracy
of OmniposeAD [66]. A well-known issue for NeRF is the prohibitively high training and
inference time. According to Kruse, et al. [23], SplatPose reduce the training and inference
time by 2 magnitudes, which is achieved by replacing NeRF and INeRF with a pose-wise
differentiable 3D Gaussian Splatting implementation. Moreover, the qualitative anomaly
detection scores, and sparse-view robustness (defined in Sec. 3.5.5) are also improved thanks
to the better NVS ability of 3DGS.

3.4 Method

For the pose-agnostic anomaly detection task, we define the reference set as R = {(ry, T{?),
(ro, TE), -+, (rn, TR)} and the query set as Q = {(q1, T), (g2, TE), - -+, (g, T9)} where
the pose information T is known for the reference set and TZQ is unknown for the query
set. The goal is to find image-level and pixel-level anomalies in () while only trained on R.
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During the training stage, we first build a SfM model with the groud truth poses
{TE|i = 1,---,n} using hloc [52] with the configuration of (NetVLAD [2] + Superpoint
[13] + LightGlue [20]). Then, we use the sparse point cloud from the SfM model as
the initialization to train a 3DGS model. During the testing stage, we first localize the
query images against the SfM model to obtain the query poses. Then, the 3DGS model
synthesizes pseudo reference images at those query poses. Lastly, a pre-trained CNN is
employed to calculate the anomaly score.

The current SOTA: SplatPose uses the same 3DGS for both localization and NVS. In
comparison, our method triangulates an additional SfM model for 3DGS initialization and
localization, and the hybrid representation (3DGS and SfM) can train faster and detect
anomalies better in real time. The pipeline is illustrated in Fig. 3.1.

3.4.1 Hybrid Representation
SfM Model

We employ hloc [52], which is the SOTA modularized visual localization pipeline, to build
the SfM model. For the training stage, both images and poses are known for the reference
views. We use NetVLAD [2], a lightweight but effective image-level feature descriptor
for image retrieval, to build a reference database D®. Then, overlapped reference image
pairs are extracted from DT. After that, we use SuperPoint [13] to extract local features
and use LightGlue [26] to match features. We choose SuperPoint and LightGlue because
SuperPoint can find more feature points than traditional methods, for example, SIFT,
and LightGlue is the SOTA lightweight feature matcher. The matched features are then
triangulated to build a reference sparse model M?®. For the inference stage, the poses
for the query views are unknown. To localize query views, we also use NetVLAD for
the image retrieval against the reference database DF to find 15 most related reference
images for each query image. NetVLAD helps speed up both training and inference by
narrowing down the search space because we only need to match features between a fixed
number of similar images instead of an exhaustive search. Similarly, SuperPoint features
are extracted from matched reference and query image pairs. Then, LightGlue is employed
to match features. Finally, the query views are localized against the sparse model M?® from
the matched features by hloc.
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Figure 3.1: SplatPose+ pipeline incorporates an SfM model for localizing query views and
initialization for the 3DGS model. 3DGS model is trained only for Novel View Synthesis.

Novel View Synthesis

We first train a 3DGS model and then use the poses localized by the SfM model M? to
reconstruct pseudo reference images at the query views. Unlike SplatPose, which trains a
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3DGS model from random initialization, SplatPose+ trains a 3DGS model M9 initialized
by the sparse point cloud extracted from the sparse SfTM model M?, in which points are
resided and concentrated on the true object surfaces. Moreover, SplatPose only uses RGB
to colorize gausssians (maximum spherical harmonics degree: SHS = 0) in 3DGS for stable
gradient descent during pose optimization. Since we no longer use 3DGS for localization,
we are able to use the full spherical harmonics degree of 3 for better view-dependent
colourization. Lastly, inspired by the experiments conducted in Compact3D [35], we reduce
the densification frequency by setting the densification interval to 1000 because the SfM
point cloud is already well-distributed on the object surface illustrated in Fig. 3.1. With
good initialization, increasing the densification interval greatly improves the efficiency while
causing marginal deterioration in reconstruction quality. Our experiments Tab. 3.1 show
that with those three changes, our 3DGS model trains 2x faster than SplatPose and achieves
comparable construction quality quantified by the peak signal-to-noise ratio (PSNR).

3DGS Setting ‘ Initialization ‘ Iters ‘ Densification ‘ SHS ‘ Avg. PSNR ‘ Train Time (s)

SplatPose [23] Random 30k 100 0 42.13 294
SplatPose+ StM 15k 1000 3 42.12 107

Table 3.1: Reconstruction efficiency and quality comparison. SHS: Spherical Harmonics
Degree.

3.4.2 Anomaly Score

Given a query image ¢ and the pseudo reference image 7 generated by 3DGS from the
same view (paired image), we have successfully reduced the task to an image differencing
problem. We used the same pre-trained 5-layer Convolutional Neural Network (CNN) used
in OmniPoseAD [60], to extract 5 features (f7, f{),-- -, (ff, f&) from the both images from
layer 1 to layer 5 with decreasing spatial resolution. We use the same CNN as well as the
L2 norm to calculate the anomaly map for a fair comparison. Pixel-wise L2 norms are
calculated between the paired reference and query image ||¢ — 7||2 and all feature pairs
FT = fillas -+, || f — f]la- All L2 norms are then resized to 224 224 and then summed,
Gaussian-smoothed and normalized to form the final pixel-wise anomaly score. Image
anomaly scores are assigned by the maximum pixel anomaly score in each image.

19



3.5 Evaluation

3.5.1 Dataset

The Simulated Multi-pose Anomaly Detection (MAD-Sim) dataset is the only dataset for
the PAD task proposed together by Zhou, et al. [66]. The MAD-Sim dataset, illustrated
in Fig. 3.2, contains 3 types of defects (Burrs, Stains and Missing Parts) for 20 different
synthetic Lego objects. This dataset mimics the standardized product defect detection
scenario in the real world where products to be tested can have arbitrary orientation when
passing a checkpoint with multiple fixed cameras. MAD-Sim is an object-central anomaly
detection dataset. For each object, MAD-Sim provides

e 210 pose-known reference images (without defects) from different views.

e Approximately 300 pose-unknown query images from different views with different
types of defects, and the masks of the defects.

"R
cece
-~ oo

Figure 3.2: Defect Samples in MAD Dataset[(0]

3.5.2 Metrics

We use the well-established metrics AUROC and AUPRO [5] to evaluate the anomaly detec-
tion and segmentation of our model. AUROC evaluates the performance of a classification
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model for all thresholds by measuring the area under the receiver operating characteristic
(ROC) curve. ROC curve plots true positive rates (Rrp) against false positive rates (Rgp)
at all thresholds. A higher AUROC means the ROC curve bends further toward the top
left, that is, the model classifies anomalies better by maintaining a higher Rtp and a lower
Rygp

AUROC = / Rerp dRpp (3.1)

AUPRO evaluates the performance of a segmentation model by measuring the area
under the per-region-overlap (PRO) curve. PRO better describes the model’s ability to
segment anomalies of all sizes than intersection-over-union (IOU) because this metric cal-
culates the overlap ratio per region, which weighs smaller anomalies the same as larger
anomalies.

N
1 P NG
P :—E £l 2
RO P et (3.2)
AUPRO = / PRO dRpp (3.3)

where P represents pixels classified as anomalies, and C; represents the set of pixels in the
i-th connected anomalous region in the ground truth.

3.5.3 Results

We conduct all experiments under the unsupervised setting, where only anomaly-free ref-
erence images are used for training. For the SfM model, we use the default settings for
NetVLAD, SuperPoint and LightGlue with num_matched = 15, that is, each query image
is matched with 15 most similar reference images using the NetVLAD features. For the
3DGS model, compared to SplatPose, we decrease the densification frequency from once
every 100 iterations to once every 1000 iterations and the total training iterations from
30000 to 15000.

Under these settings, our methods perform better than other NVS-based methods on
image-level anomaly detection Tab. 3.2 as well as pixel-wise anomaly segmentation tasks
Tab. 3.3 on the MAD-SIM dataset. SplatPose+ achieved a higher image-level AUROC for
18 out of 20 test objects. Overall, SplatPose+ achieved image-level AUROC of 96.4 and
pixel-level AUPRO of 96.9 on the PAD task, the new SOTA on the MAD-SIM dataset.
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Methods OmniposeAD | SplatPose | SplatPose+
Objects [66] [23]

Gorilla 93.6 91.7 95.5
Unicorn 94.0 97.9 99.0
Mallard 84.7 97.4 98.3
Turtle 95.6 97.2 97.4
Whale 82.5 95.4 98.9
Bird 92.4 94.0 98.7
Owl 88.2 86.8 87.9
Sabertooth 95.7 95.2 98.3
Swan 86.5 93.0 95.7
Sheep 90.1 96.7 97.4
Pig 88.3 96.1 98.4
Zalika 88.2 89.9 93.9
Phoenix 82.3 84.2 90.4
Elephant 92.5 94.7 96.8
Parrot 97.0 96.1 98.9
Cat 84.9 82.4 89.4
Scorpion 91.5 99.2 99.6
Obesobeso 97.1 95.7 96.8
Bear 98.8 98.9 99.3
Puppy 93.5 96.1 98.0
Avg. | 90.9 | 939 | 96.4

Table 3.2: Comparison of NVS-based methods on MAD-SIM using Image-level AUROC
(The higher the better 1). The best result per class is bold and the runner-up is underlined.

Methods OmnlposeAD SplatPose | SplatPose+
Metrics [23]

AUROC 98.4 9.5 99.6
AUPRO ( 86.6 5.8 96.9

Table 3.3: Pixel-wise anomaly segmentation on MAD. The best result per class is bold
and the runner-up is underlined.
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3.5.4 Efficiency

Inference efficiency is crucial in industrial anomaly detection applications because each
product usually has less than a second to be inspected on an assembly line. The training
time is relatively unimportant because it is considered as a one-time overhead. Previous
methods OmniposeAD and SplatPose do not have real-time inference capability. Our
method can not only infer in real-time but also train faster. For a fair comparison, all
experiments are conducted on Ubuntu using a single NVIDIA RTX 3090. For the training
stage, SplatPose+ takes an average of 76.7 seconds to build an SfM model and 107.2
seconds to train a 3DGS model. For the inference stage, SplatPose+ takes an average of 22
milliseconds on localization, 9.8 milliseconds on novel view synthesis, and 2.5 milliseconds
on CNN feature extraction and anomaly score calculation. Overall, on average, the training
time per object is only 184 seconds and the inference time is 34 milliseconds per query view.
Equivalently, the inference can be run in real-time at approximately 30 fps.

Method | Training (h:min:sec) | | Inference (sec) |
OmniposeAD [60] 4:33:43 66
SplatPose [23] 0:04:54 5
SplatPose+ 0:03:04 0.034

Table 3.4: Training and inference time on the MAD-SIM Dataset.

3.5.5 Robustness on Sparse-View Data

The MAD-Sim Dataset provides 210 evenly distributed reference views for each object.
In practice, the number of reference views might be limited. Therefore, the anomaly
detection performance on sparse-view data is crucial in real-world applications. As a
result, we also evaluated our method on randomly sampled partial training data (20%,
40%, 60%, and 80%) to simulate sparse-view settings. Quantitatively, SplatPose+ achieves
the highest AUROC and AUPRO scores given sparse-view training data under all settings.
The difference is the most significant when using only 20% of the training data because
learning-based 3D representations (NeRF and 3DGS) will be blurry given limited training
views, and, as a result, localizing with a learning-based 3D representation will produce
inaccurate poses. On the other hand, a SfM model can still localized query poses well
given 20% - 210 = 42 reference views. Qualitatively, as illustrated in Tab. 3.5, SplatPose+
predicts the cleanest anomaly map for all three kinds of defects in the MAD-Sim dataset
under all sparse-view settings.
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3.6 Conclusion

In this chapter, we present the first method that can infer in real-time for the Pose-agnostic
3D Anomaly Detection Task. We employ a hybrid representation comprised of a SfM
model and a 3DGS model to encode a reference object. Given an un-posed query image,
our method is able to localize it and find anomalies more accurately and 147 times faster
than the previous SOTA. Moreover, our method outperforms current methods qualitatively
and quantitatively under the sparse-view settings. Future works can possibly incorporate
more efficient 3DGS implementations, for example, Compact3D [35], to further reduce the
training and inference time.
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Table 3.5: Qualitative comparison of predicted anomaly maps under 3 sparse-view settings.
"Ours Psuedo Ref” is generated by SplatPosgt+ to help readers find the anomalies.



Chapter 4

Image-Based 3D Scene Change
Detection

4.1 Introduction

Scene Change Detection (SCD) is an important task that aims to find differences in a scene
at different timestamps. Typical applications include locating vehicles and pedestrians en-
tering an intersection for autonomous driving, monitoring a critical area of a factory for
surveillance, and assisting scene understanding for future augmented reality (AR) appli-
cations. In the SCD task, a scene can be collected and represented in different formats,
including images, point clouds, and meshes. To cope with different scene representations,
different SCD algorithms have been developed to resolve each kind of scene. For example,
Santos, et al. [51] employs Gaussian Mixture Model to cluster point clouds to conduct
SCD on International Space Station Scenes are described by point clouds. However, more
works, for example, CSCDNet [19], ChangeNet [59], and C-3PO [63] focus on image-based
SCD, because images are generally easier and cheaper to collect. Moreover, the latest
image-based methods, including GeSCF [21] and Zero-Shot Scene Change Detection [10],
can take advantage of the foundation model to extract richer semantic information from
images. For these reasons, this chapter will focus on the Image-based 3D Scene Change
Detection task, where we have a set of reference images that are captured at time ¢, and
a set of query images captured at t; of the same scene (with objects changed). The goal
is to find changes between t; and t; as illustrated in Tab. 1.2. The challenge is that the
reference and query images, though described in the same scene, can be captured at differ-
ent unknown poses. Therefore, it is often hard to compare the reference images and query
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images directly.

The task of Image-Based 3D Scene Change Detection is similar to Image-Based 3D
Anomaly Detection in that both tasks seek to find differences between images. The major
difference is that we aim to find the difference in a scene, which can be outward-facing,
instead of an object, which is naturally inward-facing. Luckily, the method we introduced
in Chapter 3: SplatPose+ [30] is built upon 3DGS [20], which unlike NeRF [33], can handle
outward-facing scene well. Moreover, hloc [52], as a feature-based SfM framework, does
not care about the orientation of the scenes. Therefore, we can adapt the SplatPose+
algorithm to the SCD task.

4.2 Related Methods

There are three main categories of methods that tackle the SCD task. The first class treats
the SCD task as a pair image difference problem, where the query images and reference
images that are captured at the same or similar poses are paired together. The second
class operates on open-set images that can have significant differences in poses between
the query images and reference images. The third class formulates the problem as an
object-tracking problem instead of an image comparison problem.

4.2.1 Paired Image Difference Methods

These methods take paired query and reference images taken from the same or similar poses
as input and typically use a neural network to find the difference in the paired image.
ChangeNet [59] and C-3PO [03] use pre-paired images and convolution neural networks
to infer a pixel-wise change map. C-3PO [03] also uses perspective transformation to
correct slight viewpoint changes. Later, GeSCF [21] improves the accuracy by employing
foundation models, specifically, the Vision Transformer (ViT) [10] encoder in Segment
Anything (SAM) [22] to extract features and further refining predicted masked using SAM

[22].

4.2.2 Open-set Image Difference Methods

These methods are similar to the paired image difference methods while releasing the
similar-pose requirement on the paired image. CSCDNet [19] uses an encoder-decoder
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structure to extract information from pose-different images. Later, Sachdeva and Zisserman
proposed a method The ”Change You Want to See (Now in 3D)” [17] that uses ViT to
extract features from both images and then applies monocular depth estimation to lift and
align features into 3D and re-render the feature map back to the same view for comparison.

4.2.3 Object Tracking Methods

These methods view a scene as a set of objects by utilizing image segmentation models
and attempt to find the changed objects via tracking algorithms on the object level. Zero-
Shot Scene Change Detection [10], the SOTA method in this category, utilizes SAM [22] to
segment objects from a paired reference and query frames, and apply DEVA [9] to track the
unchanged objects from one frame to another, assigning the unmatched object as changed
object.

4.3 Method

For the scene change detection task, the inputs are two sequences of images of a scene
captured from different perspectives at different times tg and t; as illustrated in Tab. 1.2.
We define the reference sequence as R = {(ry, T%), (ro, TS), -+, (r,, TF)} and the query
sequence as Q = {(q1,T), (g2, T2), -+, (qm, T?)} where the pose information T and T2
are both unknown. The goal is to find pixel-level anomalies in () while only trained on R.

We slightly modified the method we introduced in Sec. 3.4 to fit the SCD task.

e First, the pose information for the reference images is known in the PAD task but
unknown in the SCD task. Therefore, in the PAD task, we only need to complete
a partial sparse reconstruction that simply triangulates matched features into 3D to
form a sparse point cloud. While, in the SCD task, we need to run a full structure-
from-motion reconstruction on the reference images with pose estimation and bundle
adjustment to obtain the reference poses T}*.

e Second, for the PAD task, the query set is not consistent, i.e., images do not necessar-
ily come from the same object. As a result, we localize each query image individually.
While in the SCD task, the query set is consistent, i.e., images come from the same
scene. Therefore, when localizing () with respect to the SfM model built on R, we
also match features between query images and run bundle adjustment to acquire
more accurate poses for the query set.
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After that, we follow the same pipeline as in SplatPose+, where we train a 3DGS model
on the reference images and their poses to generate synthetic reference images at all query
perspectives. Then, the same pre-trained CNN is applied to each query image and its
corresponding synthetic reference image pair to predict the change mask.

4.4 Evaluation

4.4.1 Dataset

ChangeSim [10] is the only dataset that fits the Image-based 3D Scene Change Detection
task because this dataset provides a decent coverage (in hundreds) of images of each scene
for building a 3D model and pixel-wise change masks are given for all query views. Here
”decent coverage” requires enough multi-view images to capture all objects in a scene with
no blind spots. Other datasets designed for general SCD task, for example, PCD [18] and
VL-CMU-CD [!] only provide 1,1 and 3, 3 reference images and query images respectively
for each scene.

This dataset provides ten simulated scenes in industrial indoor environments. Each
scene contains two routes traversing the scene. Each route consists of four sequences:
a reference sequence of images captured in the scene following a simulated drone-flying
trajectory with normal visibility, and three query sequences of images captured in the
mutated scene following different simulated drone-flying trajectories with normal visibility,
dusty air and low illumination respectively. The mutated scene includes four types of
changes: new objects, missing objects, rotated objects and replaced objects. For all three
query sequences, the pixel-wise change mask is provided as illustrated in Tab. 4.1.

4.4.2 Limitations

SplatPose+ [30] uses a binary pre-trained CNN to infer image differences. Therefore,
we will only be able to perform binary change detection, i.e., changed or not changed.
Moreover, the pre-trained CNN is not trained on the non-target environment change in
the ChangSim dataset. Therefore, we will only work on the query sequences with normal
visibility. Although it is possible to train environment-robust 5-class CNN to deduce the 5
classes: unchanged, new, missing, rotated and replaced, then the method will no longer be
unsupervised because the CNN need to be trained on this dataset with the environment
variation as well as the 5-class change labels.
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Query Reference Image Query Image Change Mask
Visibility

Normal
N -‘- A
. (__Mlﬂ_l__
Dark
Dust

Table 4.1: ChangeSim Dataset Samples (Reference Images are captured under normal
visibility).

4.4.3 Metrics

We report the mean IoU metric as in the ChangeSim [10] paper. To generate a binary
change mask, we set the anomaly score threshold to be 0.215, i.e., a pixel is classified as
changed if its anomaly score is greater than 0.215. This value is selected empirically to
maximize the F} score.

B 2Rrp
2Rrp + Rpp + Rrn

where Rrp, Rpp, Rpy represents the true positive rate, false positive rate and false negative
rate respectively.

(4.1)

1
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4.4.4 Results

We conduct all experiments under an unsupervised setting, where we do not access any
label during training. Note that this method may also be classified as a zero-shot method
in terms of this task, as we do not train or access the training set of the ChangeSim [10)]
dataset. We use the same settings as in Chapter 3, with the only difference being that we
bundle adjust the query sequence during localization as described in Sec. 4.3.

The quantitative comparison with ChangeNet [59] and CSCDNet [19] is shown in
Tab. 4.2. Note that ChangeNet [59] and CSCDNet [19] operate on the pre-paired ref-
erence and query images illustrated in the top two rows of Tab. 4.2. It is noticeable that
the poses of the first and second rows are different, e.g., the floor in the last column. This
is because the pre-paired images are paired based on the closest L1 distance between the
7-D poses, according to Park, et al. [10]. Our method generates synthetic reference images
via NVS to pair with query images, which more accurately mimics the query image poses
as illustrated in the second and third row of Tab. 4.2. As a result, our model, though
unsupervised, predicts more accurate masks than previous supervised methods by taking
advantage of pixel-to-pixel comparison.

Quantitatively, our modified model achieves a higher [oU than previous supervised
methods on the binary SCD task without environment variation illustrated in Tab. 4.3.

4.5 Mask Refinement

Inspired by previous methods described in the Sec. 4.2 that utilize SAM [22] for pose re-
finement, we also attempt to apply Segment Anything 2 (SAM2) [11] on our unsupervised
masks for mask refinement. SAM2 is a new version of the foundation model SAM, which
is the first foundation model that enables zero-shot object segmentation on various appli-
cations. SAM2 has recently proposed to segment objects in both images and videos faster
and more accurately than SAM. SAM2 can be prompted by points, bounding boxes and
coarse masks that describe the location of an object. Therefore, we can use SAM2 for
mask refinement in the SCD task by breaking the change mask into multiple object-level
sub-change masks and refining those sub-masks one by one. Note that we only apply SAM?2
on this task because the changes in this task (SCD) are object-level while the changes in
the PAD task are not.
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4.5.1 Pipeline

e First, we find all connected components in each mask generated by the modified
SplatPose+ algorithm and store each connected component as sub-masks. The reason
is that SAM2 segments objects and refines masks on the object level.

e Second, we convert the sub-masks to pseudo logits by mapping the binary change
map (0 for unchanged and 1 for changed) to (—10 for unchanged and 10 for changed)
that matches the range of the logit mask prompt for SAM2.

e Third, we prompt the SAM2 model with each sub-mask represented by pseudo log-
its on both the query image and the synthetic reference image to obtain the most
confident refined mask in the query domain and the reference domain respectively.
We run the SAM2 model twice on both images because when an object disappears,
the change mask only describes the object in the reference frame; while when a new
object appears, the change mask only describes the object in the query frame.

e Finally, we combine the refined masks with two different strategies: pick the higher-
score refined sub-mask between the reference and query domain, or simply apply
the union of two masks.

4.5.2 Results

Qualitatively, SAM2 [11] is able to refine the coarse sub-masks to the accurate shape if the
image domain (reference or query) for segmentation is correct, i.e., the mask describes an
object in the corresponding image. For example, the first row of Tab. 4.4 demonstrates the
mask of the disappeared boxes is correctly refined in the synthetic reference image domain
but not in the query image domain because these boxes no longer exist in the query scene.
On the contrary, the fourth row of Tab. 4.4 demonstrates the mask of the newly appeared
forklift is correctly refined in the query image domain but not in the synthetic reference
image domain.

Quantitatively, as illustrated in Tab. 4.5, we found applying both the union strategy
and the higher-score strategy can improve the Changed IoU and Unchanged [oU metrics
over the baseline (without mask refinement). The union strategy achieves a higher IoU on
the changed part, while the higher-score strategy achieves a higher IoU on the unchanged
part. The mean IoU for both strategies is similar.
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Overall, as illustrated in Tab. 4.5 and Tab. 4.6, SAM2 [11] can help improve the Splat-
Pose+ generated mask quality and accuracy on the binary SCD task by aggregating the
higher-score refined sub-masks or taking the union of refined sub-masks.

4.6 Conslusion

In this chapter, we first explain how to adapt SplatPose+ [30] to solve the SCD task with
little modifications. Then, we introduce a custom SAM?2 [14]-based pipeline that can help
refine the SplatPose+ generated change masks. Overall, our unsupervised methods achieve
higher IoU scores than previous supervised methods on the binary SCD task evaluated on
the ChangeSim[10] dataset without mask refinement. Moreover, we can further improve
the IoU scores by 2% to 4% with SAM2-assisted mask refinement.
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Paired Ref Img

Query Img

Syn Ref Img

GT Mask

ChangeNet Mask

CSCDNet Mask

he

Ours Mask

Table 4.2: Qualitative binary SCD performance evaluated on ChangeSim [10] dataset
without environment variations.
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Methods | Unchanged IoU (%) | Changed IoU (%) | Mean IoU (%)

ChangeNet [59] 73.3 17.6 45.4
CSCDNet [19] 87.3 22.9 55.1
C-3PO [63] 90.4 28.8 59.6
Ours 91.2 38.6 64.9
Table 4.3: Binary SCD performance evaluated on ChangeSim [10] dataset without envi-

ronment variations. (The higher the better, top results are bold.)
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Input Sub-mask Refined on Query Img Refined on Syn Ref Img

Table 4.4: Qualitative comparison of SAM2 [11] assisted sub-mask refinement. Sub-masks
are refined with respect to either query imagg or synthetic reference image.
3



Methods | Unchanged IoU (%) | Changed IoU (%) | Mean IoU (%)

Baseline 91.2 38.6 64.9
Union 93.1 42.0 67.6
Higher-score 93.9 41.1 67.5

Table 4.5: SAM2 [11] assisted mask refinement IoU. (The higher the better, top results
are bold.)

Input Mask Higher Score Union Ground Truth

Table 4.6: SAM2 [11] assisted final mask refinement.
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Chapter 5

Conclusion and Recommendation

5.1 Conclusion

In conclusion, we showcase that SplatPose+ [30] can not only achieve SOTA performance
(speed and accuracy) on the Image-based Pose-agnostic Scene Change Detection task but is
also able to solve the Image-based Scene Change Detection task with little modifications.
We also demonstrate that SAM2 [11] can be combined with SplatPose+ to refine the
SplatPose+ generated masks for higher accuracy in the SCD task.

5.2 Recommendation

In general, we do realize the scalability limitation of SplatPose+ [30]. The SEM method we
use: hloc, could take hours to build a sparse model when there are thousands of images in
a scene. Moreover, according to Liu, et al. [29], 3DGS may run out of memory and suffer
from low inference speed because of the speed bottleneck in depth sorting when fitting a
large-scale scene. To improve the scalability, later works may employ more efficient SFM
methods, for example, GLOMAP [35], and 3DGS variants designed for larger scale scenes,
for example, CityGaussian [29]. Moreover, SplatPose+ [30] cannot handle environment
changes, e.g., lighting and visibility, which may limit its application in complex environ-
ments. It is possible for future works to incorporate environment embeddings in either the
NVS part or the CNN part to bridge the gap.

Specifically for the image-based SCD task, this method can only classify binary changes,
i.e., either changed or not changed. Future work can work on incorporating a pre-trained
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semantic-aware model to classify semantic changes, including rotation and displacement of
objects.
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