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Neural image synthesis has advanced significantly in recent years, driven by
powerful generative models such as Generative Adversarial Networks (GANs),
Denoising Diffusion Probabilistic Models (DDPMs), Latent Diffusion Models
(LDMs), Neural Radiance Fields (NeRFs), and Gaussian Splatting. Among these,
LDMs have delivered strong capabilities in generating high-fidelity, realistic images
across diverse domains with applications ranging from artistic creation and data
augmentation to the generation of rare events. These methods are being adopted
in industrial settings, where synthetic data helps mitigate challenges associated
with data scarcity. For example, to generate synthetic industrial defects for
training anomaly inspection models, where collecting real defective samples is often
impractical due to cost. Neural image synthesis is a promising tool to generate
synthetic anomaly images for industrial quality control. Additionally, NeRFs
and Gaussian Splatting have shown significant progress for novel view synthesis,
where accurate camera poses are necessary for rendering realistic viewpoints.
This capability aligns with industrial requirements, as many applications demand
reliable methods for synthesizing handheld objects from multiple viewpoints.
These advances highlight the growing role of neural image synthesis in both
research and industrial practices. Following these lines of research, this thesis first
demonstrates how synthetic images can improve downstream anomaly inspection
through stable diffusion inpainting using AnomalyControl and VarianceGenerator.
Then a benchmark for novel view synthesis of handheld objects is developed
and presented. Through experiments with adapted baselines, we show the need



for more accurate pose estimation techniques in scenarios involving partial hand
occlusions and particularly in setups where only RGB images are available.
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Chapter 1

Introduction

1.1 Neural Image Synthesis

Deep learning has transformed the field of neural image synthesis in recent
years. Much of this progress comes from models such as Generative Adversarial
Networks (GANs) [1], Denoising Diffusion Probabilistic Models (DDPMs) [2],
Latent Diffusion Models (LDMs) [3], and in 3D, methods like Neural Radiance
Fields (NeRFs) [1] and 3D Gaussian Splatting [5]. These approaches deliver
impressive results when trained on high-quality datasets, enabling tasks ranging
from high-resolution image synthesis to 3D scene reconstruction.

LDMs [3] extend the capabilities of DDPMs by encoding images into a
lower-dimensional latent space rather than operating directly in pixel space. This
reduces both computational cost and memory requirements while maintaining
high image quality. LDMs have proven to be highly versatile, serving as the
backbone for tasks such as high-resolution image synthesis, inpainting, style
transfer, and domain-specific image generation. Recent techniques, including
Textual Inversion [6], DreamBooth [7], and ControlNet [8], allow these pre-trained
models to be fine-tuned with very few examples, making them highly practical
for real-world, industrial applications. For instance, industrial defect detection
systems can leverage LDMs to generate synthetic images of anomalies and to
improve the performance of downstream anomaly classification, detection and
localization.

In the realm of 3D generative modeling, methods such as Neural Radiance
Fields (NeRFs) [1] and 3D Gaussian Splatting [5] have enabled high-resolution
scene reconstruction and novel view synthesis. NeRFs represent a scene as a
continuous volumetric function using multi-layer perceptrons (MLPs), mapping 3D
coordinates and viewing directions to color and density values. This representation
allows the rendering of photorealistic novel views points from a sparse set of images.
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However, training NeRFs can be computationally intensive, and rendering times
may be prohibitive for real-time applications.

Gaussian Splatting, by contrast, represents 3D scenes as a set of anisotropic 3D
Gaussians, which are efficiently rasterized to produce images from new viewpoints.
While this approach may slightly compromise reconstruction accuracy compared to
NeRFs, it provides significant speed advantages, making it suitable for interactive
applications and real-time visualization. Both techniques have applications in
industrial inspection, AR/VR, robotics, and digital twin creation, where accurate
3D modeling is critical for simulation and analysis.

Industrial applications highlight the practical relevance of these generative
methods. For instance:

o Diffusion models can generate synthetic anomolous images in
manufacturing lines, thereby allowing significant improvement in the
downstream anomaly detection, localization and classification.

« NeRFs and Gaussian Splatting enable the generation of high-fidelity 3D
digital twins of industrial assets, which can be analyzed from previously
unseen perspectives to assess wear, detect faults, and guide maintenance
operations.

1.2 Denoising Diffusion Probabilistic Models

Denoising Diffusion Probabilistic Models (DDPMs) [2] represent a popular
paradigm of generative models that have recently demonstrated remarkable success
in photo-realistic image generation tasks. In the forward process, DDPMs
gradually add random Gaussian noise to images, while in the reverse process they
reconstruct the original image. The forward noising process can be defined as:

zy = Vg + V1 —age, €~ N(0, I) (1.1)

where an image z is transformed to a noisy image x;, with ¢ uniformly sampled
from {1,...,T}, e drawn from N(0,7) and a; = [I'_ya; = [Tieo(1 — B;), with
Bi € (0,1) representing the noise variance schedule.

At training time, the Markov chain of noisy images is used to learn the reverse
process, i.e. to learn a neural network that predicts x;_; given x;. It can be shown
[2] that this is equivalent to predict the noise added to the image at time ¢, which
is usually done by learning a U-Net [9] modeling the noise predictor ey(zy;t).

Given the learned noise predictor, during the inference stage Z;_; is predicted
from 2, using:
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1 1-— Quy
Tp1 = —— | T — ——=——=€9(T1; 1) | + 0s€ 1.2
= (B Tt +o 12)
where € ~ N(0, I). The process starts at 27 ~ AN(0,I) and occurs in an
iterative way, progressing from Zr to Zr_; and so forth until reaching Z.

1.3 Novel View Synthesis

1.3.1 Neural Radiance Fields

NeRF [1] offers an efficient approach for synthesizing novel views in 3D
environments. It models a continuous volumetric scene function Fg : (x,d) +—
(c,0), which takes as input a spatial location x € R? and a viewing direction
d € 52, and outputs the emitted color ¢ € R? and volume density ¢ € RT. Using
this formulation, the color C'(r) observed along a camera ray r(t) = o+ td can be
computed via volume rendering as:

Cr) = [T ole(t) clrt). ) at,

where ¢, and ¢, are the near and far bounds of the ray, and the accumulated
transmittance T'(t) is defined as:

T(t) = exp <— /tt o(x(s)) ds) |

NeRF parameters are optimised by minimising the difference between the
ground-truth pixel color C(r) and the rendered color C'(r) from the model,
minimizing the loss:

A2
Lr=|cm) - Cw),.

1.3.2 Guassian Splatting

3D-Gaussian Splatting (3D-GS) [5] represents a scene using a set of anisotropic 3D
Gaussians that preserve the differentiability of volumetric methods, while allowing
for fast and efficient rendering through a tile-based rasterization pipeline.

Starting from a set of points obtained via Structure-from-Motion (SfM), each
point is initialized as the mean p of a 3D Gaussian defined as:

G(x) = o3 (x—p) TS (x—p)
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where x denotes an arbitrary location in 3D space, and Y is the covariance
matrix of the Gaussian. To ensure that ¥ is positive semi-definite, it is
parameterized using a rotation matrix R and a scaling matrix S as:

Y =RSSTRT

Each 3D Gaussian is further assigned a color c, represented using spherical
harmonics, and an opacity value o, which modulates the Gaussian’s contribution
during blending via a - G(x).

Unlike traditional volumetric methods that rely on computationally expensive
ray marching, 3D-GS renders scenes efficiently using a tile-based rasterization
approach. Each 3D Gaussian G(x) is projected onto the image plane to form
a corresponding 2D Gaussian G'(x), following the projection procedure described
in [10]. The rasterizer is then employed to sort the projected 2D Gaussians and to
perform alpha blending.

The color at a pixel location x’ is computed using alpha compositing over the
sorted set of 2D Gaussians N that influence the pixel:

i—1
C(x)=> co [[Q1—0;), where o0;=0a;G(x),
iEN j=1
where «; is the opacity of the i-th Gaussian, c; is its color, and G/(x') is
the value of the projected 2D Gaussian at the pixel location. This differentiable
rasterization process enables all Gaussian parameters to be optimized end-to-end
via reconstruction loss from training views.

1.4 Anomaly Inspection

Anomaly inspection usually involves detection, localization and classification [11].
Due to the scarcity of defective images, the first two tasks are mainly addressed
by unsupervised approaches which learn models based only on nominal samples.
Unsupervised anomaly detetcion and localization falls in two broad-categories. The
first deploys features obtained by deep neural networks [12, 13, 14, 15, 16, 17, 18,

,20,21,22,23 24, 25,26, 27, 28,29, 30]. The second category focuses on learning
the reconstruction of nominal samples using auto-encoders [31, 32, 33, 34], diffusion
models [35] and image inpainting [306]. Then, at the inference time, the model fails
to reconstruct the defective images correctly, leading to a discrepancy between
the reconstructed and original images, which can be used to compute per-pixel
anomaly map. More recently, some methods have shown promising results in
addressing zero-shot or few-shot anomaly detection and localization [37, 38, 39,

) Y ) ]’
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It is worth pointing out that anomaly classification, a key task in manufacturing
scenarios where visual inspection is necessary for both quality control as well as
process monitoring, in that it can not be tackled by an unsupervised paradigm.
As such, it stands out as the anomaly inspection task most severely affected by
the data scarcity problem.

1.5 Content of Thesis

This thesis is organized into two parts, which are briefly outlined below.

1.5.1 Image Generation for Industrial Anomaly Inspection

In Chapter 3, we introduce AnomalyControl [11], a novel framework for
generating images for industrial anomaly inspection. Our approach is based on
training ControlNet [%], which leverages the production-ready Stable Diffusion
inpainting [3] model. To ensure the quality of the generated data, we employ
DINO-V2 [15] to filter out images that either lack realistic defects or where
Stable Diffusion inpainting fails to produce plausible anomalies. In Chapter 4,
we present an extension of AnomalyControl, developed in collaboration with a
Master’s student [16], which focuses on learning to inpaint nominal images to
further improve the performance of downstream anomaly classification.

1.5.2 Novel View Synthesis

In Chapter 6, we introduce NVS-HO, a benchmark designed for Novel View
Synthesis (NVS) of handheld objects in real-world environments. The dataset
is collected in two complementary sequences:

« Handheld Sequence (HS) — The object is freely manipulated by hand
while the camera remains static, realizing natural human interaction. This

sequence is used to train a NVS model that can capture the full appearance
of the object.

« Board Sequence (BS) — The object is placed on a ChArUco board while
the camera is moved across a set of capture positions. The markers present
on the board enable accurate pose annotations, referred to as ground-truth
poses. This sequence is used to evaluate the trained NVS model.

The ultimate goal of this benchmark is to create Neural Twins of handheld
objects and to evaluate them by rendering view points corresponding to the board
sequence.



Part 1

Image Synthesis for Industrial
Anomaly Inspection



Chapter 2

Related Work and Background

Automated quality inspection is a key requirement in modern manufacturing.
Yet, the difficulty and costs associated with acquiring sizable and representative
collections of defective images in production lines pose a data scarcity problem.
Hence, unsupervised approaches which tackle anomaly detection and localization
by training models only on non-defective images -also known as nominal
images- have become popular in literature [17, 48, 12, 15]. Along a different
path, researchers have been trying to address the data scarcity problem by
techniques aimed at generating synthetic images of anomalies. Model-free methods
crop-and-paste anomalies from defective images onto nominal ones [19], or,
alternatively, swap random patches between nominal images [15]. Conversely,
model-based approaches, e.g., relying on Generative Adversarial Network
(GAN) [1], learn to render synthetic anomalies from a training set of real defective
images [11, 50, 51]. A recent diffusion model based technique [52] achieved the
state-of-art performance in anomaly inspection by generating synthetic defects
by leveraging textual inversion [0]. Following this line of research, we first
introduce AnomalyControl [11] in Chapter 3, where we show that controlled
generation of synthetic anomalies improves downstream anomaly inspection.
Then, in Chapter 4, we demonstrate how inpainting nominal images [10]
can further enhance classification performance by addressing the limitations of
AnomalyControl [11].

2.1 Related Works

2.1.1 Anomaly Inspection

Anomaly inspection usually involves anomaly detection, segmentation and
classification [I1]. Due to data scarcity of industrial anomaly images, the first
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two tasks are addressed with the help of unsupervised approaches where the
models are trained solely on nominal samples. Anomalies are detected based
on the distribution gap between predictions and nominal samples. Unsupervised
approaches fall into two categories: (1) feature-based methods using deep models
[12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 23, 27, 28], and (2) reconstruction-based
methods leveraging autoencoders [31, 32, 33, 31|, inpainting [36], or diffusion
models [35]. More recently, zero-shot and few-shot methods [37, 38, 39, 10, 11, 12,

| have achieved encouraging results. However, anomaly classification remains
limited by data scarcity, and this can not be tackled by unsupervised paradigms.

Real Data Real
uﬁ Discriminator
Network ——
Generative D
Network
- 5 ——
Fake

Fake Data

Random Noise

Backpropagation

Figure 2.1: Illustration of the Generative Adversarial Network (GAN), consisting
of a generator trained to produce realistic samples and a discriminator trained to
distinguish real from generated data [1].

2.1.2 Generative Models

Image generation is a central part of our work. One of the first methods to achieve
this goal was Generative Adversarial Networks (GANs) [I], which are, however,
hard to train due to the potentially unstable min-max loss. We illustrate the GAN
framework in Fig. 2.1. Then, more recently, diffusion models [53] have gained
success in generating images across a wide range of domains. Latent diffusion
models [3] have further improved generation capabilities by compressing images
into a latent space and effective text-conditioned models trained on the huge
LAION dataset [51] have been released. Moreover, the same architecture with more
input channels has been trained to learn how to generate realistic images while
inpainting a given picture in the area indicated by a mask. This model, known as
Stable Diffusion Inpainting [3], has shown impressive results in replacing specific
image areas without causing modifications to the rest of the image. Intuitively,
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it appears as a promising tool to generate anomalies as one may inpaint nominal
images conditioned on masks borrowed from available defective ones.

All these models can be tuned by Dreambooth [7] or Textual Inversion [(]
to represent visual concepts specified by a few images as special words in the
embedding space of a frozen text-to-image model. Finally, ControlNet [3] has
emerged as a new effective paradigm to add precise spatial conditioning controls
to large pre-trained diffusion models. In particular, when deployed with Stable
Diffusion, the ControlNet architecture is realized by copying the U-Net encoder
into a trainable network that leverages on zero-convolutions to internalize the
spatial conditioning signal and to add its contributions to the skip connections
toward the frozen U-Net decoder.

2.1.3 Anomaly Generation

To tackle the scarcity issue related to real defective images, researchers have been
exploring a variety of approaches geared towards generation of plausible synthetic
images that may be used to train downstream models pursuing anomaly inspection
tasks. Among them, model-free methods [18, 19, 34, 55] crop and paste textures
either within the same image, or from anomalous images into nominal ones, in
order to generate new defective images, but the generated anomalies are not always
realistic.

Other model-based approaches try to achieve better image realism by learning
a generative model. For instance, Defect-GAN [50] generated the defective images
on nominal samples by training a GAN [I] using defacement and restoration
processes.  Similarly, SDGAN [71] used two generators aimed at generating
defective images from nominal images and vice versa. Differentlyy, DFMGAN [11]
trains StyleGAN2 [56] on nominal samples as a backbone, and subsequently
attaches defect-aware residual blocks to learn representations of type-specific
defects.

The advancements in diffusion models have recently led to novel frameworks
to generate defective images. RealNet [57] trains a diffusion model on nominal
images and then, to generate synthetic anomalies, adds perturbations in the reverse
diffusion process. Thus, the method generates type-agnostic anomalous images
that can improve downstream anomaly detection and localization but cannot
be deployed to pursue anomaly classification. AnomalyDiffusion [52] proposes
a few-shot anomaly generation method based on latent diffusion models [3].
They train two diffusion models: one for mask generation and one for anomaly
generation. Specifically, they learn a textual embedding via a masked formulation
of textual inversion [0] and use blended diffusion [58] to generate the synthetic
anomaly images. Their framework aims to generate synthetic images closely
aligned to real defective ones, and they report experimental results showing
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state-of-the-art performance on anomaly inspection when only generated images
are deployed to train the downstream, task-specific models. Nevertheless,
their generated anomalies still exhibit significant misalignment with respect to
real defective images Finally, we wish to point out how [59] offers a different
perspective to the deployment of diffusion model for anomaly inspection. Indeed,
AnomalyControl [11] proposes a method focused on generating nominal images
by a text-guided diffusion model [3]. As such, it realizes a data augmentation
process to increases the variability of the nominal images and improve unsupervised
anomaly detection and localization but does not help to address anomaly
classification.

2.2 Background

2.2.1 Stable Diffusion Inpainting

Stable Diffusion [3] is a text-to-image diffusion model that is more efficient than
DDPM since it applies the diffusion process to latent vectors computed by a
VQ-VAE [60] autoencoder. The model is trained by first encoding an image
xo with a learned encoder to generate a latent vector zy = E(xp). Then the
DDPM forward process is applied in latent space to generate the Markov chain
zy with t = 0,...,T. Training learns to estimate z;_; from z; by predicting the
noise €y(2¢,t, ), by conditioning it on the text prompt c¢. Hence, a real image Z; is
generated by first sampling a noisy latent vector 2r ~ AN(0, I), and then iteratively
denoising it using the learned denoiser €y to produce a noise-free latent Z,. Finally,
the noise-free latent is passed through a decoder to obtain the generated image
2o = D(%). Fig. 2.2 illustrates the functionality of stable diffusion.

The same framework can be used to inpaint a masked image [3] , i.e., generate
photorealistic completions for a masked area given a text prompt ¢, a mask m and
a masked image x". The only modification required is that the noise estimator
eg(zy, 20", m; t, ¢) expects more input channels, since the input tensor should contain
the concatenation of the latent to be denoised z; with the the latent vector z* =
E(z™), obtained by encoding the masked input image, and the mask m, i.e.,
the original binary mask m downsampled to the resolution of the latents. Stable
Diffusion Inpainting has shown impressive results in replacing specific image areas
without causing modifications to the rest of the image. Intuitively, it appears
as a promising tool to generate anomalies as one may inpaint nominal images
conditioned on masks borrowed from available defective ones.
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Figure 2.2: Illustration of the Latent Diffusion Model (adapted from Figure 3. in

31)

2.2.2 ControlNet

Obtaining images following a precise spatial arrangement with only text
conditioning is impossible. ControlNet [3] is a neural network architecture designed
to make it easy to control the generation of latent diffusion models by feeding them
with image-based inputs detailing the desired spatial arrangement. In particular,
the ControlNet architecture is realized by copying the U-Net encoder into a
trainable network that leverages on zero-convolutions to internalize the spatial
conditioning signal and add its contributions to the skip connections of the frozen
U-Net decoder. Fig. 2.3 illustrates the architecture of ControlNet.
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Chapter 3

Few-Shot Anomaly Generation

This chapter extends the foundations laid by AnomalyDiffusion [52]. Before,
discussing our contributions, we will briefly present the key aspects of the prior
work.  AnomalyDiffusion [52] achieves state-of-the-art anomaly classification,
detection and localization in the challenging setting where only a few real images
are available to learn the image generator while the downstream, task-specific
models are trained solely with the images sampled from the generator. However,

MVTec AD MVTec AD Anomaly Ours
Good Defective Diffusion

Figure 3.1: Nominal (first column) and defective images (second column,
from top to bottom:  hazelnut-print, wood-hole, capsule-squeeze, and
transistor-misplaced) from the MVTec AD dataset [01]. Defective images
generated by AnomalyDiffusion [52] (third column) and our framework (fourth
column) for the same types of anomaly as in the second column.
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generated images! looks quite unsatisfactory in terms of resemblance to real
defective ones, as exemplified in Fig. 3.1 (third column). We therefore argue
that existing techniques struggle in creating defective images aligned to real ones,
which may significantly hinder performance on downstream tasks.

Therefore, we propose AnomalyControl [14], a novel framework based on
stable diffusion inpainting which learns to generate images of anomalies from
nominal images and a few anomaly masks taken from real defective images. We
leverage the publicly available stable diffusion inpainting model? [3] trained on
LAION-400M [62] as the backbone while training ControlNet [¢] conditioned
on masks from real defective image and text prompts describing the types of
anomalies to synthesize. Besides, to improve alignment of the generated data
with the real training dataset as well as to prevent generation of nominal images,
we propose a two-stages, automatic filtration technique based on DINO-V2
embeddings [15]. Remarkably, our model can synthesize defective images that
look closely aligned to real ones, as also vouched by Fig. 3.1 (fourth column). As a
result, our proposed anomaly generation approach achieves the new state-of-the-art
for anomaly classification and detection when training task-specific models only
with images provided obtained by the generator, i.e., the standard setting adopted
in literature to pinpoint the impact of the quality of generated images. Our main
contributions can be summarized as follows.

o We propose a few-shot anomaly generation framework that trains ControlNet
using stable diffusion inpainting as the backbone to generate realistic
anomalies.

o We propose a filtering method based on DINO-V2 embeddings to
automatically select the highest quality images out of multiple generations.

« By extensive experiments on MVTec-AD [(1] dataset, we show that our
approach sets the new state-of-art in defective image generation for anomaly
classification.

3.1 Method

In this section, we introduce our proposed framework, which consists of the
anomaly generation methodology and a two-stage image filtering procedure. Our
framework is based on the intuition that inpainting of abundant nominal images

! Available at https://github.com/sjtuplayer/anomalydiffusion
2 Available at https://huggingface.co/stable-diffusion-vi-5/stable-diffusion-inp
ainting


https://github.com/sjtuplayer/anomalydiffusion
https://huggingface.co/stable-diffusion-v1-5/stable-diffusion-inpainting
https://huggingface.co/stable-diffusion-v1-5/stable-diffusion-inpainting
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in areas indicated by defective masks can be an effective way to generate defective
images in a data scarcity regime. Indeed, inpainting does not require the model
to learn the variance of nominal objects and let it focus on the appearance of the
defects, a simpler task that can be easier to learn from limited data. Hence, we
use Stable Diffusion Inpainting as our generator.

Our intuition on such model being a good tool to synthesize defective images
could have been realized seamlessly had the available frozen model been trained
with images and text prompts with the specific kind of detects found in industrial
scenarios. Unfortunately, this is not the case. Stable Diffusion Inpainting has been
trained on LATON-400M [62] and does not include industrial anomalies. So, to
follow up on our intuition we would need to fine-tune Stable Diffusion Inpainting
on defective images, which may cause overfitting or catastrophic forgetting due to
the data scarcity issue. Therefore, we propose to use the ControlNet architecture
to deploy Stable Diffusion Inpainting as a frozen backbone while effectively
fine-tuning the overall model with limited data [3]. Thus, key to our approach
is the idea of training ControlNet to learn the representations of anomalies using
a pre-trained Stable Diffusion Inpainting model and we dub it AnomalyControl.

@ Masking
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@  Summation

Add Gaussian
noise at time t
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|

Diffusion Diffusion

Inpainting ° Inpainting
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Figure 3.2: An overview of the proposed training procedure. At training
time, a defective masked image =™, noisy image latent z;, its downsampled mask
my, and text prompt c are fed to Stable Diffusion Inpainting, while ControlNet
is given the mask m, noisy image latent z;, and text prompt c¢. During training
Stable Diffusion Inpaiting, the CLIP encoder and the Stable Diffusion encoder are
frozen.
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3.1.1 Training

We now describe the actual training procedure with the help of Fig. 3.2. We
randomly sample a defective image x with size W x H x 3, together with its
associated anomaly binary mask m € {0, 1}"*# and hide the anomaly in x using
m, so as to get ™, i.e.,

™ =xzOm (3.1)

where ® denotes the Hadamard product. Subsequently, we encode z™ and x
using the Stable Diffusion encoder to obtain 2 = E(2™) and zy = E(z) referred
to as masked image latent and image latent, respectively. The encoder reduces
the spatial size of the input images by a factor of 8 and creates 4 channels,
ie., 2", 2 € R5*5X4 As input to the pre-trained Stable Diffusion Inpainting
U-Net [3] we concatenate three components: the noisy image latent z;, obtained
by using Eq. (3.2) on latents

zr=+/wzo+V1—ae e~N(0, I) (3.2)

the masked image latent 27, and the mask m, € {0,1}5*% obtained by
downsampling m to the spatial resolution of the latent space. As input to the
ControlNet, we provide the mask m and the noisy latent z;. Both ControlNet and
Stable Diffusion Inpainting are conditioned on ¢ and the same anomaly-specific
text prompt, such as “a photo of a [*]”, where * represents the anomaly type,
e.g. crack, scratch. The text prompt is encoded by CLIP [63] (see ¢ in Fig. 3.2).
The training objective to learn the parameters of the ControlNet, 6, is the standard
MSE loss of diffusion models:

L =Eamy [l€— o (z1,m, 2"5t,0)|3] (3.3)

3.1.2 Image Generation

Here, we describe the generation process of defective images. We randomly pick
a nominal image and a defect mask associated with one of the defective images
used at training time. We augment the mask with a randomly selected set of
transformations to enhance variability. Then, we pick the corresponding prompt
from a prompt dictionary, e.g. “a photo of a crack” for the hazelnut-crack
anomaly from the MVTec AD dataset [61]. Subsequently, we obtain Zr by
randomly sampling noise in the latent space and feed it to our model together
with the augmented mask and the prompt while running the denoising process in
the latent space by DDIM [64]. Finally, the denoised latent representation, Z,
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Figure 3.3: From left to right: real defective images, synthetic images
generated with prompts “a photo of a cable with bent wire” (first row) and
“a photo of a bottle with contamination” (second row), synthetic images
generated with prompts “a photo of a bent wire” (first row) and “a photo
of a contamination” (second row).

goes through the Stable Diffusion decoder to generate the final defective image
2o = D(%).

3.1.3 Prompt Engineering

Good quality prompt engineering is a crucial factor in text-to-image generative
models. We first experimented with a basic template in the form “a photo of a
{0} with 1” where {0} is replaced by the object class and {1} by the anomaly
type, e.g., "a photo of a cable with bent wire”. Adopting this prompting
scheme with our inpainting-based approach yields artifacts in the generated
images, such as whole objects drawn within the defect mask. Therefore, we
removed any reference to the object class from the prompt template and directly
ask for a specific defect, e.g., “a photo of a bent wire” Fig. 3.3 shows two
examples in which our modified prompting scheme enables the generation of more
realistic defective images. The quantitative impact on classification results of the
two prompts is discussed in Section 3.3 .

Also, we revised the anomaly names to be more descriptive. For instance, in
MvTec-AD [61] when multiple defects are found on a pill, the anomaly class is set
to “combined”. Besides, when the fabric is damaged in zipper, the anomaly classes
are set to “fabric_border” and “fabric_interior” which do not describe
how the defect should appear. Hence, we engineered a set of better anomaly
names to be included within the prompts, such as “multiple defects” instead
of “combined” and “damaged fabric” in place of both “fabric_border” and
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Figure 3.4: Two-Stage Filtration Strategy. A) Stage 1: in this stage we compute
DINO [45] patch embeddings for both the original training set and generated
images. For each pair of images generated with the same conditioning image, we
retain the image with the closest average distance to the original training set. B)
Stage 2: Here, we compute DINO [15] patch embeddings for good images and
those filtered in stage A. We retain k£ images with the largest average distances to
the good images.

“fabric_interior”. anomaly classes. The Appendix A reports the complete list
of our prompts.

3.1.4 Image Filtering

The majority of images generated by our framework exhibit good quality, i.e.,
the defect is clearly visible and is well characterized with respect to the its class.
Yet, due to the randomness of the reverse diffusion process, some of the generated
defective images may either (i) lack realism or (ii) look akin to nominal ones.
Besides, the defect mask might be applied onto nominal images in a wrong position,
e.g. in the background (iii). These issues motivated us to design a two-stage
filtering approach, where the first addresses (i) and the second (ii) and (iii).

As illustrated in Fig. 3.4, Stage 1 aims to remove images that deviate from the
training set. We compute Dino-V2 patch embeddings for the generated images
and the real defective ones used to train our model. In particular, we deploy the
representation known as the penultimate feature map, which precedes pooling and
consider only the patch embeddings, excluding the CLS token. Given a generated
image, we score it by computing the average Euclidean distance of its patches
in the embedding space with respect to the corresponding patches of the real
defective images. Hence, to generate n images we generate n pairs under the same
conditioning inputs (nominal image, augmented mask and text-prompt) and keep
the best image in each pair.
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Stage 2 focuses on removing images where defects are not properly inpainted,
either because they are not generated or because the mask is in the wrong place.
Here, we rank the n images obtained after filtration by Stage 1 so as to keep
only the best k ones (k < n). To rank images we deploy the same strategy based
on Dino-V2 patch embeddings as in Stage 1, except that here we compare the n
generated images to the nominal images and keep the k generated images with the
largest average distance, i.e. those most dissimilar from nominal images.

3.1.5 Downstream tasks

We use the generated images to solve three downstream inspection tasks:
image-level anomaly classification, image-level anomaly detection and pixel-level
anomaly localization. For all these tasks, we follow the same methodology used
in AnomalyDiffusion [52]. As far as classification is concerned, we train a linear
classifier on top of a frozen ResNet-34 [65] backbone trained on ImageNet [(6].
Conversely, a standard UNet [9] is trained from scratch to perform anomaly
detection and localization.

3.2 Experiments

To assess the performance of our proposal, we carry out a series of experiments
concerning anomaly classification, detection and localization. To this end,
we adopt the MvTec-AD dataset [61], the main benchmark for industrial
anomaly detection and localization. Finally, we present a qualitative comparison
between the synthetic images generated by our approach and those obtained by
AnomalyDiffusion [52].

3.2.1 Dataset

The MVTec-AD dataset [61] used throughout our experiments comprises different
objects captured at a resolution ranging from 700 x 700 to 1024 x 1024 pixels.
As for defective images, the dataset provides pixel-level anomaly masks as well as
image-level labels to denote the specific anomaly classes pertaining to each object.
Following the protocol proposed in [52], we split the images belonging to each
anomaly class into a train (1/3) and a test set (2/3), using the exact same splits
as in AnomalyDiffusion [52], and resize all images and masks to 256 x 256 pixels.
We point out that we can not use Visa [07], the other main anomaly detection and
segmentation dataset, because it does not provide anomaly classes.
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Parameter Value
T 1000
(Bo, Br) (0.0001,0.02)

[ scheduler linear
Batch Size 1
DDIM Steps 20

Learning Rate 0.00001

Training Steps 40000
Gradient Accumulation steps 8

Table 3.1: ControlNet Inpainting Hyperparameters

3.2.2 Implementation details

On a single NVIDIA 3090 GPU, our inpainting models takes 12-14 hours to train
each object, when using the hyperparameter reported in Table 3.1. Generating an
image requires about 2 seconds. Training the classifier on 500 generated images
requires about 15 minutes per object.

3.2.3 Baseline Test Protocol

The experimental setup proposed in AnomalyDiffusion [52] deals with generating
1,000 synthetic images for each defect class and then, for each object, optimizing
the downstream anomaly inspection models using only the generated images.
In particular, to address the anomaly classification task, a linear classifier is
optimized on top of a frozen ResNet-34 [65] backbone trained on ImageNet.
Conversely, a UNet [9] is trained from scratch to perform anomaly detection and
localization. However, to obtain the results reported in AnomalyDiffusion [52],
the authors validated the models on the test set®. This model selection strategy
may overestimates generalization performance significantly, to provide the reader
with a thorough comparison we generated 1,000 images with our method and run
similar experiments. In particular, we trained each model 10 times and report
the average result across the trials. Hereinafter, we will refer to this experimental
set-up as the baseline test protocol.

3.2.4 Proposed Test Protocol

In a real industrial setup one is often interested in assessing the performance
attainable on unseen data gathered continuously from the field. To avoid
overestimating performance, the test split of the available dataset should not be

3As discussed in https://github.com/sjtuplayer/anomalydiffusion/issues/41
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DiffAug CDC Crop&Paste SDGAN Defect-GAN DFMGAN Anomaly

; . AnomalyControl

Object Diffusion (ours)
[68]  [69] [49] [51] [50] [11] [>2]

bottle 48.84  38.76 52.71 48.84 53.49 56.59 90.70 87.44
cable 21.36  39.06 32.81 21.88 21.36 45.31 67.19 73.75
capsule 34.67  28.89 32.89 30.22 32.00 37.23 66.67 69.73
carpet 35.48  25.27 27.96 21.50 29.03 47.31 58.06 61.21
grid 28.33  35.83 28.33 30.83 27.50 40.83 42.50 56.25
hazelnut | 65.28  54.86 59.03 43.75 61.11 81.94 85.42 92.36
leather 40.74  43.38 34.39 38.10 42.33 49.73 61.90 75.87
metalnut | 58.85  48.44 59.89 44.27 56.77 64.58 59.38 72.82
pill 29.86  21.88 26.74 20.49 28.47 29.52 59.38 68.13
screw 25.10  32.92 28.81 26.75 28.81 37.45 48.15 39.38
tile 59.65  48.54 68.42 42.69 26.90 74.85 84.21 75.79
transistor | 38.09  29.76 41.67 32.14 35.72 52.38 60.71 84.64
wood 41.27  28.57 47.62 30.95 24.60 49.21 71.43 77.61
zipper 2276 14.63 26.42 21.54 18.70 27.64 69.51 75.36
Average 39.31  35.06 40.55 32.43 34.77 49.61 66.09 72.16

Table 3.2: Anomaly classification accuracy - baseline test protocol. For each row,
best result in bold, second best underlined.

used for model selection. Therefore, we propose an experimental protocol based on
two different model selection criteria. In fact, while training models by synthetic
images only, we propose to either pick the last checkpoint or the one that perform
best on the training split of the real anomaly images (1/3 for each anomaly class).
Since the authors of AnomalyDiffusion [52] provide only 504 generated images for
each defect class through their project repository?, to perform a fair comparison we
trained the downstream anomaly inspection models with their generated images
and 500 randomly sampled images for each defect class from our 1,000 images.
Finally, due to the high variance in performance of both methods, we trained 10
anomaly inspection models for each object of the MVTec-AD dataset and report
the means. Hereinafter, we will refer to this experimental set-up as to the proposed
test protocol.

3.2.5 Anomaly Classification

In Table 3.2, we report the classification accuracy following the baseline test
protocol, i.e. we complement Table 4 of AnomalyDiffusion [52] with our results
(last column). Tt is clear that, while AnomalyDiffusion had established the
state-of-the-art by surpassing all previous proposal by a large margin (e.g. more
than 16% in average accuracy), our method yields significantly better performance.
For instance, our method outperforms AnomalyDiffusion on most objects by a
6% improvement in average accuracy. In Table 3.3 we rely on the proposed test

4as of 06-29-2024
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Validation 0n4 . Last Checkpoint
Object Anomaly Images (Train Spht)' . o
Anomaly AnomalyControl  Statistical | Anomaly AnomalyControl  Statistical
Diffusion (Ours) Significance | Diffusion (Ours) Significance
bottle 76.97 73.95 80.92 79.76
cable 71.87 65.46 v 69.52 69.37
capsule 39.60 61.46 v 39.06 60.79 v
carpet 56.61 51.12 v 56.39 51.44 v
grid 32.80 43.00 v 39.75 38.75
hazel nut 70.83 84.58 v 73.22 80.20 v
leather 48.09 65.55 v 47.74 67.61 v
metal nut 75.93 65.00 v 75.76 66.36 v
pill 49.79 57.39 v 51.14 63.08 v
screw 36.04 30.00 v 39.74 29.25 v
tile 85.08 71.22 v 85.96 70.70 v
transistor 58.92 75.00 v 46.40 79.64 v
wood 67.14 69.04 64.91 73.52 v
zipper 61.70 63.29 58.51 66.92 v
Average 59.39 62.60 v 59.22 64.89 v

Table 3.3: Anomaly classification accuracy - proposed test protocol. For each row,
the best statistically significant comparisons are in bold.

protocol to compare our method to AnomalyDiffusion. To perform a statistically
sound analysis, we assess whether the observed difference in means is significant or
due to randomness. Purposedly, we performed a Welch’s ¢-test [70] to refute the
null hypothesis that the two populations, i.e., the accuracies observed in each run
for both methods, have equal means. Results of the test when the null hypothesis
is refuted by comparing against a significance threshold of 0.05 are reported as
check-marks in the table. Results where the difference is statistically significant
are highlighted in bold.

Firstly, as expected, regardless of the adopted model selection strategy, the
accuracy of both methods is lower compared to Table 3.2. Yet, the majority of
the statistically significant comparisons show the superiority of AnomalyControl.
Overall, our method yields higher average accuracy (by about 3-5 % depending
on the model selection strategy) also the proposed set-up is more conducive to
better assessment of the generalization performance. Finally, the few available
real anomaly images seem insufficient to consistently provide a validation signal
strong enough to outperform vanilla selection of the last checkpoint.

Although AnomalyControl produces on average better results than the
baseline, it is important to understand if there is any benefit in training on
generated images rather than on the original training set of real defects only.
In Table 3.4, we compare the accuracy of the same classifier trained on real images
and generated ones, respectively. The additional variance and the larger number
of images that our framework can make available to the classifier produce notable
improvements in classification accuracy, sometimes as large as 30 or 40 points
of accuracy (wood and zipper) and on average it outperforms real images by
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Object Real Generated  Statistical
Training Set Images Significance

bottle 71.86 79.76 v
cable 42.96 69.37 v
capsule 37.06 60.79 v
carpet 35.64 51.44 v
grid 21.50 38.75 v
hazelnut 63.95 80.20 v
leather 57.61 67.61 v
metalnut 60.15 66.36 v
pill 36.45 63.08 v
screw 27.65 29.25 v
tile 81.05 70.70 v
transistor 58.92 79.64 v
wood 43.09 73.52 v
zipper 28.08 66.92 v
Average 47.56 64.89 v

Table 3.4: Classification accuracy when training on real images versus generated
ones. Here we use the proposed test protocol and the last checkpoint. For each
row, statistically significant results are in bold.

Object Crop & Paste [19] DRAEM [31] PRN [57] DFMGAN [11] AnomalyDiffusion [52] | AnomalyControl (Ours)
AUC AP Fj-max | AUC AP Fy-max | AUC AP Fj-max | AUC AP Fj-max | AUC AP Fj-max | AUC AP Fi-max
bottle 854 95.1 90.9 99.3  99.8 98.9 949 984 94.1 99.3  99.8 97.7 99.8  99.9 98.9 100 100 99.8
cable 93.3  96.1 91.6 72.1 832 79.2 86.3  92.0 84.0 95.9 97.8 93.8 100 100 100 98.1 98.7 95.8
capsule 771 941 90.4 93.2 98.7 94.0 84.9 95.8 94.3 92.8 985 94.5 99.7 99.9 98.7 942 983 93.7
carpet 57.7 843 87.3 95.3  98.7 934 92.6 97.8 92.1 67.9 87.9 87.3 96.7 98.8 94.3 96.0 98.5 94.4
grid 83.0 94.1 87.6 99.8 99.9 98.8 96.6 98.9 95.0 73.0 90.4 85.4 984 99.5 98.7 99.8 99.9 99.0

hazelnut 68.8  85.0 78.0 100 100 100 93.6 96.0 941 99.9 100 99.0 99.8  99.9 98.9 99.8  99.9 99.1
leather 91.9 975 909 100 100 100 99.1 99.7 97.6 99.9 100 99.2 100 100 100 100 100 99.8
metal nut | 922 98.1 93.3 97.8  99.6 97.6 97.8  99.5 96.9 99.3 99.8  99.2 100 100 100 99.9 100 99.5
pill 51.7 871 91.4 944 98.9 95.8 88.8 97.8 932 68.7 91.7 914 98.0 99.6 97.0 99.1 99.8 98.1
screw 59.3 819  86.0 88.5 96.3 89.3 84.1 947 872 223 647 853 96.8 97.9 95.5 90.7 954 89.7
tile 73.8 91.1 83.8 100 100 100 911 969 89.3 100 100 100 100 100 100 100 100 99.7
toothbrush | 81.2 91.0  88.9 99.4  99.8 97.6 100 100 100 100 100 100 100 100 100 97.6  98.6 96.6
transistor | 85.9 81.8  80.0 79.6  80.5 714 88.2 889  84.0 90.8 925 889 100 100 100 100 100 99.8
wood 495 81.2  86.6 100 100 100 7750 927 86.7 984 994 988 984  99.4 98.8 99.7  99.9 99.3

zipper 59.4 828 889 100 100 100 98.7 99.7 976 99.7 999 994 99.9 100 99.4 100 100 99.8
Average 740 894  87.7 94.6  97.0 94.4 91.6 96.6 924 87.2 948  94.7 99.2 99.7 98.7 983 99.3 97.6

Table 3.5: Results on image-level anomaly detection - baseline test protocol

more than 17%. According to the Welch’s t-test, all comparisons are statistically
significant.

3.2.6 Anomaly Detection and Localization

To assess anomaly detection and localization performance, we adopt the standard
metrics introduced in [61] and, akin to [52], report the AUROC, AP, and F;-max
for the detection task, the previous metrics plus the PRO (Per Region Overlap)
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Object Crop & Paste [17] DRAEM | PRN 7] DFMGAN [11] AnomalyDiffusion 7] AnomalyControl (Ours)
AUC AP Fy-max PRO | AUC AP Fy-max PRO | AUC AP Fj-max PRO | AUC AP Fj-max PRO | AUC AP Fj;-max PRO | AUC AP Fj-max PRO
ottle | 945 674 635 778 | 967 80.2 740 012 | 97.5 764 713 885 | 989 002 017 | 99.4 94.1 87.3 04.3 | 088 886 800 02
cable 96.0 753 69.3 87.1 | 80.3 21.8 28.3 582 | 945 644 61.0 79.7 | 972 8L.0 84.9 | 99.2 90.8 83.5 95.0 | 96.0 76.2 70.6 90.0
capsule 95.3 49.2 51.1 89.5 | 76.2 255 32.1 81.1 95.6  45.7 479 89.7 | 79.2  26.0 66.1 | 98.8 57.2 59.8 95.4 | 95.1 39.0 44.8 90.1
carpet | 83.7 366 397 629 | 926 430 419  80.0 | 964 69.6 656 90.6 | 90.6 334 76.5 | 98.6 812 746 916 | 985 81.8 748 90T
grid 84.7 13.1 22.4 70.2 | 99.1 59.3 58.7 95.8 | 98.9 58.6 58.9 95.8 | 75.2 143 52.3 | 98.3 529 54.6 923 | 98.6 495 53.5 95.3
hazelnut | 885 380 428 741 | 988 736 685 9059 9 682 927 | 997 952 805 964 | 99.8 96.5 90.6 97.1| 99.6 932 860 963
leather | 975 760 708 957 | 985 67.6 650  96.7 540 975 | 985 687 667 960 [ 99.8 79.6 710 98.2 | 992 774 7Ll  97.9
metalnut 96.3 84.2 74.0 67.2 | 96.9 842 74.5 904 | 97.9 93.0 87.1 85.0 | 99.3 98.1 94.5 88.0 | 99.8 98.7 94.0 94.8 | 996 97.8 92.6 92.8

pill 815 178 243 574 | 958 453  53.0 837 | 983 555 726 882 | 812 678 726 565 | 99.8 97.0 90.8 97.3| 995 927  85.1 97.3
screw 934 31.2 36.0 83.9 | 91.0 30.1 35.7 78.1 | 94.0 47.7 498 838 | 58.8 2.2 5.3 418 | 97.0 51.8 50.9 80.3 | 89.9 135 23.2 712
tile 94.0 79.3 74.5 79.2 | 98.5 932 87.8 95.3 | 985 91.8 84.4 91.3 | 99.5 97.1 91.6 97.5 | 99.2 939 86.2 96.1 | 99.5 95.6 88.5 96.8

toothbrush | 89.3 309 346 666 | 93.8 295 284 75.1 | 96.1 464 462  83.1 | 964 759 726 743 | 99.2 76.5 73.4 914|900 535 571 75.6
transistor | 85.9 52.5 52.1 64.5 | 76.5 317 24.2 54.3 | 949 686 68.4 700 | 96.2 812 7.0 65.5 | 99.3 92.6 85.7 96.2 | 99.4 92.2 86.3 94.2
wood 84.0 457 480 579 | 988 878 809 947 | 962 742 674 821 | 953 T0.7 658 899 | 989 846 745 943 | 99.1 86.6 T77.7 96.4
zipper 948 476 514 834 | 934 654 647 846 | 984 T9.0 737 937 | 929 656 649 830 | 99.4 86.0 79.2 96.3| 990 8.0 772 958
Average | 904 484 494 7431922 541 531 831 ] 969 662 647 874 ]90.0 627 621 763 199.1 814 763 94.0] 975 748 713 915

Table 3.6: Results on pixel-level anomaly localization - baseline test protocol

Pixel -Lovel Anomaly Localization
Validation on Anomaly Images (Trai Validation on Anomaly Tmages (Train Split) Last Checkpoint
s Ours AnomalyDiffusion Ours AnomalyDiffusion Ours

<l | AUCT AP-I_Fi-maxl | AUS <[ | AUCL AP-I Fimaxl | AUCP AP-PFi-max-P PRO | AUC-P AP-P_FimaxP PRO | AUC-PAP-P P__PRO | AUC-P_AP-P_F,-max PRO

999 99.9 993 | 9 990 996 985 988 s15 7806 924 | 056 883 815 016 | 98.8 923 | 951 858 785 90.1

968 979 946 969 981 953 982 831 748 922 | 947 7oA 705 901 | 98.0 9277 | 929 T4 706 889

929 97.8  93.0 943 983 944 | 946 328  4L0 723 | 913 209 390  89.0 | 95.9 508 | 889 305 307 88.6

927 972 918 916 968 915 | 97.7 736 676 50 | 974 790 733 879 | 792 26 | 954 745 TL3 842

985 99.4 985 98.3 99.4  98.6 855 200 284 TL4| 97.3 464 515 926 | 85 707 | 962 472 523 914

100 100 99.9 100 100 100 98.9 819 762 927 | 950 829 762 959 | 98.6 912 | 962 789 73.6 957

100 100 99.8 100 100 9.7 998 755  69.8 980 | 956 750 697 978 | 99.7 97.6 | 950 734 69.1 975

95 99.9 992 100 100 99.8 | 995 O7.8 027  OLT| 994 977 929 913 | 992 800 | 99.3 960 902 92.0

984 99.6 974 98.1 99.5 97.4 | 997 956 891 927 [ 991 888 809  96.9 | 99.7 912 | 992 915 839 974

724 858 809 6.7 821 799 91.8 450 491 804 | 865 140 242 616 | 802 658 | 843 139 237 600

9958 999 993 998 999 992 994 946 872 953 | 99.5 953 881  96.2| 991 952 | 994 947 875 96.4

9.1 975 936 975 986 956 964 553  58.6  83.3| 783 444 5L1 698 | 937  49.9 824 | T68 45T 529 667

99.6 99.4  97.9 100 999 995 | 993 9L8 847 803 | 988 869 832 927 | 99.1 927 | 991 889 843 93.6

99.9 99.9  99.1 998 99.9  99.0 976 705 670 805 | 974 BL6 749 952 | 960 526 | 968 80.0 744  93.6

100 100 99.9 X 99.9 100 99.6 992 847 782 960 | 99.3 857  79.0 963 | 99.0 958 | 970 790 744 934

T 082 056 | 964 983 963 | 011 066 054 | 961 981 965 | 971 724 695 882 | 056 7Id 01 89.7 | 948 ol 633 S31 | 015 703 684 88.6

Table 3.7: Results of image-level anomaly detection and pixel-level anomaly
localization - proposed test protocol

for localization. For the baseline test protocol we complement the corresponding
Tables from [52] with the results obtained by our methods.

Overall analysis show how with the baseline test protocol, whose results are
reported in Table 3.5 and Table 3.6, AnomalyDiffusion and our method achieve
good performance, outperforming by large margins all other baselines both at
detection and localization. Comparing the two methods according to the proposed
test protocol as done in Table 3.7, our method is preferable for detection with both
validation strategies, while one performs better than the other and viceversa on
localization depending on which validation strategy is deployed.

3.2.7 Anomaly Generation Quality

We present here a qualitative comparison between generated images. We randomly
sample images from those provided by AnomalyDiffusion [52] and from those
generated by our own model, and report them in Fig. 3.5. For several MVTec [(1]
objects, our model generates more realistic defects than AnomalyDiffusion. For
instance, AnomalyDiffusion cannot generate realistic images for the anomaly
categories crack, squeeze and poke of the “capsule” object, all categories of the
“leather” object, and most categories of the “grid” object. In some objects, the
defects are of similar quality, e.g. in the bent wire and missing wire of the
“cable” object or the bent anomaly of the ‘metal nut” object. Finally, in a few
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Figure 3.5: Qualitative comparison of the anomaly images from the MvTec-AD
dataset [01], the images generated by AnomalyDiffusion [52] (middle row) and our
method (third row).

cases the defects by AnomalyDiffusion are more aligned with the original defects,
e.g., for 0il of the “tile” class or the f1ip anomaly in the “metal nut” class. Indeed,
these two objects are two of the objects where AnomalyDiffusion classification
reports better classification results than ours, while “leather”, “grid” or “capsule”
are some of those where we outperform AnomalyDiffusion. This confirms that
there is strong correlation between the quality of the generated images and the
classification performance, and that further improvements in the former will likely
boost the latter.

Finally, to show that our framework is general and can be used in other
domains, we present qualitative examples of generated images on retinal edema
segmentation challenge [71]. We train AnomalyControl with the same procedure
used for MVTec AD and present qualitative images in Fig. 3.6. Interestingly, our
framework effectively generalizes to this unrelated domain and is able to generate
realistic defects with no changes to the pipeline.

3.3 Ablation Study

Ablation study on filtering stages.
We evaluated our proposed filtering stages under three different scenarios, i.e.,

“only the first stage”, “only the second stage”, “both stages”. Furthermore, we use
average L1 distance, average Cosine distance and average Fuclidean distance to
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Real Defect Segmentation Good Image Generated Image
Mask

Figure 3.6: Qualitative comparison on Retinal Edema Segmentation
Challenge [71]. Real defective images from(first column), segmentation masks
(second column), good images (third column), and generated images by our
method (fourth column).

evaluate each of the filtering strategies. For each scenario, we randomly sampled
500 images and trained a classifier 10 times. We use the last checkpoint and report
the mean test accuracy in Table 3.8. The results indicate that both stages are
important for achieving best classification accuracy, with the best performance
obtained when using the average Euclidean distance.

Metric None | Stage 1 | Stage 2 | Both
Euclidean distance | 62.03 | 62.40 63.55 | 64.89
L1 distance 62.03 | 62.81 61.95 | 63.61
Cosine distance 62.03 | 63.14 63.18 | 63.56

Table 3.8: Ablation study on the distance used in the filtering stages. We report
the mean classification accuracy across all objects. "None" train a classifier on
the generated images without filtering them, "Stage 1" filters them applying only
stage 1, "Stage 2" applies only stage 2 filtration, while "Both" is the proposed full
pipeline.

Ablation study on prompt engineering.

We compare the classification accuracy on MVTec classes “cable” and “bottle”
using the two prompt engineering strategies discussed in Section 3.1.3. We achieve
significantly better classification results with the proposed prompt templates in
both classes as reported in Table 3.9, which confirms the importance of prompt
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Object | Prompts w/ Objects | Proposed Prompts w/o Objects
bottle 66.27 79.76
cable 55.62 69.37

Table 3.9: Ablation study on prompt engineering.

engineering and validates the effectiveness of the proposed prompts.

Object 1282 | 2567 | 5122
hazelnut | 76.60 | 85.62 | 91.87

Table 3.10: Ablation study on image resolution.

Ablation study on different resolutions. In the previous experiments, we used
2562 as resolution when generating images to perform a fair comparison against
the baselines. Here we perform as ablation study on MV Tec class “hazelnut”using
three different resolutions, i.e, 1282, 2562, and 5122. We report the classification
accuracy in Table 3.10. We observe that the classification accuracy increases as
we move from lower to higher resolution. This suggests that our method holds to
provide larger benefits in real-world deployments where resolution may be freely
chosen.

Object | original | 2-Shots | 1-Shot
hazelnut | 85.04 84.79 77.29

Table 3.11: Ablation study on varying number of training images per anomaly.

Ablation study on reducing number of training images. Here, we explore
the robustness of our framework to limited numbers of training images per
anomaly, a situation that is quite common in real deployments of inspection
systems. We note that MVTec-AD already features a limited number of real
defective images: for example, the transistor class contains only 3 images per defect
type; the wood class includes just 2 or 3 images per defects; and the cable class has
only 3 to 4 images per defect type. Yet, classification accuracy on these classes is
in the range 69-79. To understand whether and how accuracy degrades when the
number of training images is reduced significantly, we perform experiments on the
“hazelnut” class, which has a relatively large number of images per anomaly (5,6
on average). We reduce the number of training images to 2 and 1 per anomaly
type, and then train again our framework. We report the classification results
in Table 3.11. The results show that images generated by our framework provide
consistent classification results when as few as 2 images per anomaly type are used,
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with accuracy degrading gracefully and turning out still acceptable when we use
just 1 image per anomaly.

3.4 Conclusion

In this chapter, we have presented AnomalyControl [11], a framework to learn to
generate large quantities of high-quality anomalous images from a few image-mask
pairs. Moreover, the method incudes a two-stage image filtering technique which
further enhances the output quality. In the first stage, we filter out images that
are not aligned with the real training set. In the second stage, we filter out
images that do not contain proper defects. Extensive experiments demonstrate
that our approach outperforms existing anomaly generation methods in defect
classification, while it achieves similar performance to AnomalyDiffusion [52] in
image-level anomaly detection and pixel-level anomaly localization.



29

Chapter 4

Learning to Inpaint Nominal
Images

Mask Masked Input Generation
FJ
Mask Masked Image Generation
4 &

Figure 4.1: Illustration of misalignment of mask and nominal Images.
Two examples showing that if the mask applied to a nominal image ends up in
the background the model proposed in AnomalyControl [11] does not generate a
defective image.

While developing AnomalyControl [11], we noted that it successfully produced
realistic anomolous images; however, the random pairing of defective masks with
the nominal samples results in masks being applied to the background or in regions
where defects would not logically occur as illustrated in Fig. 4.1. We mitigate this
limitation by generating high resolution defective images by inpainting multiple
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times the few available real images of anomalies, thereby ensuring by construction
that the mask and the image are properly aligned. To cope with the scarcity
of anomalous images we create a VarianceGenerator [10] by fine-tuning another
Stable Diffusion Inpainting model to generate non-defective parts of images.

Thereby we can increase the variance of the defective images generated.
Purposely, we leverage the publicly available stable diffusion inpainting model
trained on LAION-400M [62] as the backbone while training ControlNet []
conditioned on masks created by a Perlin noise [72] generator and text prompts
describing the object to synthesize. We show that this procedure generates
better defective images for the objects in the MVTec AD dataset [01]. Where
AnomalyControl [11] struggles due to the main limitation discussed above, this
procedure results in higher classification accuracy for those objects. Since the
images generated by our method have complementary properties with respect to
those generated by AnomalyControl [11], training on a mixture of data generated
by both models is shown to give the best results and attain the new state of the
art in anomaly classification for the MVTec AD dataset. It is worth pointing out
that anomaly classification, a key task in manufacturing scenarios where visual
inspection is necessary for both quality control as well as process monitoring,
cannot be tackled by an unsupervised paradigm. As such, it stands out as the
anomaly inspection task most affected by the data scarcity problem.

4.1 Method

As discussed above, our framework mainly works on the idea inpainting-based
strategy of AnomalyControl but differs in a key aspect by leveraging the few
available real defects to guide the inpainting process. This ensures proper
alignment between image foregrounds and defect masks, thereby overcoming
the main limitation of AnomalyControl [11]. To further introduce the variance
in nominal images, we fine-tune an additional Stable Diffusion inpainting
model [3] using ControlNet [3] to replace nominal regions with newly synthesized
counterparts, which we refer to as the VarianceGenerator [16]. For training this
generator, multiple masks are randomly created using Perlin noise [72].

4.1.1 Model Training

Stable Diffusion Inpainting [3], the foundation model for various real-world
inpainting tasks, is originally trained on LAION-400M [62], not on industrial data.
To adapt it to the industrial domain, we fine-tune it using ControlNet [3] on the
nominal samples of the MVTec AD dataset [61]. The training pipeline is illustrated
in Fig. 4.2.
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Figure 4.2: Training framework of the VarianceGenerator.
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Figure 4.3: Two examples showing how the VarianceGenerator replaces good parts
with other good parts.
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For each nominal image x, a mask m is randomly generated using Perlin
noise [72] to create a masked version z™. Both the original and masked images
are encoded into the latent space as zp = F(z) and z{* = E(2™), respectively.
Gaussian noise is then added to zy at timestep ¢ to obtain z;. The U-Net [9] takes as
input the concatenation of 2, 2", and a downsampled mask m , while ControlNet
is conditioned on z; and the full-resolution mask m. Both the Stable Diffusion
inpainting model and ControlNet are further conditioned via a text embedding c,
obtained from a CLIP encoder [63] using prompts such as “A photo of a [*]”, where
[*] represents an object from the MVTec AD dataset (e.g., hazelnut, bottle). The
ControlNet is trained using the standard MSE loss for diffusion models:

L =Ezm [He —ep(ze,t,c,m, 247, mi)Hz] (4.1)

As shown in Fig. 4.3, the masked regions in the generated images (4th column)
differ from those in the originals (3rd column), demonstrating the model’s ability to
produce diverse and realistic variations of nominal object parts without anomalies.

Defective

Image "A photo of a color

) Defective Image
stain"

Generated by
AnomalyControl

Anomaly
Control

Random
Augmentation

Defective
Mask

Variance

Generator
Random

Mask
Generation

Defective Image
With Additional
Variance

“A Photo of a metal nut”

Figure 4.4: Illustration of Image Generation Framework.

4.1.2 Image Generation

Fig. 4.4 illustrates the proposed image generation framework, which comprises two
models: AnomalyControl [14] used to synthesize initial defective images, and the
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VarianceGenerator [10] designed to enhance diversity in the nominal regions. For
each defective image-mask pair, random augmentations are applied to increase
variability. The pair is first processed by AnomalyControl, which generates a
defective image conditioned on a defect-specific prompt (e.g., “A photo of a
color stain” for a pill anomaly in the MVTec-AD [01] dataset). Subsequently,
a Perlin [72] noise mask is sampled, ensuring no overlap with the existing defective
mask. If a non-overlapping mask cannot be found within 10 attempts, the
AnomalyControl output is retained, and the process continues with the next pair.
Otherwise, an object-specific prompt is sampled (e.g., “A photo of a metal nut”).
Finally, the AnomalyControl output, the Perlin noise mask, and the object-specific
prompt are passed to the VarianceGenerator, which produces the final defective
image with enhanced variation.

4.2 Experiments

4.2.1 Dataset

The MVTec-AD dataset [61] used throughout our experiments, consists of 15
objects captured at resolutions ranging from 700 x 700 to 1024 x 1024 pixels.
For defective samples, the dataset provides both pixel-level anomaly masks and
image-level labels that indicate the specific anomaly class associated with each
object. Following the protocol established in AnomalyControl [14], we split the
images of each anomaly class into a training set (1/3) and a test set (2/3), using
the exact same splits as reported in AnomalyControl [11].

4.2.2 Implementation Details

The generative models are trained on an NVIDIA GeForce RTX 2080 Ti GPU. For
each object, training takes approximately 11 to 13 hours, and models are trained
for a total of 20,000 steps. Training the classifier by the same GPU according
to the evaluation protocol proposed in AnomalyControl [11], which deploys 500
generated images per defect class and requires running 10 trials, takes about 1
hour per object. The images using an NVIDIA TITAN V GPU, which requires
about 2 seconds per image.

4.2.3 Evaluation Protocol

The evaluation protocol adopted in AnomalyControl deals with generating 500
synthetic images for each defect class and object. We conduct three separate
experiments based on the size of the masks used within the VarianceGenerator [10].
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In particular, we will denote as small, medium and large masks those covering
between 5%-10%, 11%-18% and 11%-20% of the image area, respectively. Akin
to [14], to address anomaly classification we utilize the generated defective images
to train a linear classifier on top of a frozen ResNet-34 [65] backbone pre-trained on
ImageNet. To perform a comparison with the results reported in AnomalyControl
[11], we evaluate the models on the test set. Each model is trained 10 times, and
we report the average performance across the 10 trials. For all experiments, we
use the final training checkpoint. In Fig. 4.5 we show some examples of generated
defective images.
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Figure 4.5: Qualitative comparison between AnomalyControl and our method

using similar masks.

Object Baseline Large Medium Small
bottle 73.72 £ 2.76 | 78.84 + 3.52 | 80.47 + 3.15 | 78.14 £+ 2.98
cable 73.75 + 4.18 | 76.88 &£ 5.27 | 75.78 £ 5.15 | 76.72 £+ 2.92
capsule 35.07 &+ 3.87 | 42.53 £ 3.12 | 41.07 £ 2.97 | 35.07 & 4.22
carpet 56.45 + 6.96 | 65.65 £ 4.79 | 62.26 & 3.76 | 62.74 £+ 6.90
grid 39.00 £+ 6.54 | 29.50 £ 3.50 | 35.75 £ 3.72 | 37.00 £ 3.50
hazelnut | 83.13 £ 4.70 | 83.75 £ 3.70 | 84.38 £ 4.39 | 84.79 + 3.96
leather 64.29 + 4.72 | 69.68 £ 8.20 | 70.95 + 7.14 | 67.78 &+ 5.90
metal nut | 71.88 + 2.10 | 71.88 &£ 2.71 | 70.63 £ 1.68 | 69.84 + 2.22
pill 37.40 &+ 2.11 | 48.02 £ 5.11 | 47.19 + 4.09 | 44.69 £+ 3.62
screw 51.36 & 3.99 | 53.70 £ 2.72 | 52.47 + 3.63 | 49.63 £+ 4.71
tile 79.12 £ 5.05 | 77.72 £ 6.18 | 75.97 + 3.60 | 76.84 £ 3.40
transistor | 68.21 + 3.37 | 71.79 £ 6.28 | 72.86 + 3.98 | 68.21 4+ 5.64
wood 58.57 + 5.24 | 56.43 £ 6.99 | 54.76 £+ 5.22 | 53.10 &+ 5.00
zipper 67.68 £ 3.50 | 62.81 + 5.30 | 70.73 £+ 4.60 | 68.78 £+ 2.13
Average | 61.40 £ 4.22 | 63.51 £ 4.81 | 63.95 £+ 4.07 | 62.38 £ 4.07

Table 4.1: Ablation study of mask sizes.
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Object Ours AnomalyControl Ensemble
bottle 80.47 £ 3.52 79.76 £+ 3.47 81.86 £+ 2.28
cable 75.78 £ 5.27 69.37 + 4.35 66.41 4+ 2.90
capsule | 41.07 £ 3.12 60.79 + 2.82 57.73 £ 7.11
carpet 62.26 + 4.79 51.44 4+ 2.98 64.03 £+ 2.61

grid 35.75 + 3.50 38.75 4+ 6.50 48.50 £ 4.50
hazelnut | 84.38 4+ 3.70 80.20 + 4.25 80.42 + 2.67
leather 70.95 + 8.20 67.61 + 4.62 85.24 + 4.26

metal nut | 70.63 + 2.71 66.36 + 1.61 68.28 + 2.43

pill 47.19 + 5.11 63.08 + 4.31 61.46 + 2.87

screw 52.47 £ 2.72 29.25 4+ 4.93 36.17 £+ 6.10

tile 75.97 + 6.18 70.70 £+ 2.74 78.25 + 4.91

transistor | 72.86 £ 6.28 79.64 £+ 4.41 73.21 + 8.03

wood 54.76 + 6.99 73.52 + 3.06 70.95 £ 3.66
zipper 70.73 £ 5.30 66.92 + 4.79 69.27 + 4.49
Average | 63.95 + 4.81 64.89 + 3.91 67.27 + 4.20

Table 4.2: Anomaly classification accuracy between AnomalyControl [11],
Ensemble and our model.

4.2.4 Anomaly Classification

In Table 4.1, starting from real defective image, we compare classifier performance
when trained on images generated by the VarianceGenerator [10] with varying
mask sizes. As a reference, we also report the results of the pre-trained
AnomalyControl model applied to the same images (denoted as Baseline in the
table). The results indicate that medium-sized masks, covering approximately
11%-18% of the image area, yield the best performance. Furthermore, the
table highlights that AnomalyControl struggles to generate effective images when
applied directly to real defects, highlighting the importance of the proposed
VarianceGenerator.

Table 4.2 reports a comparison between our model with medium size
images and the original results from AnomalyControl (i.e. when applied on
nominal images only). Our model performs particularly well on objects where
AnomalyControl struggles. Since the images generated by our method exhibit
complementary properties to those produced by AnomalyControl, training on a
mixture of data generated by both models (i.e., 50% from each), referred to as the
Ensemble approach in the Table, yields the best results. Indeed, this approach
achieves the new state-of-the-art in anomaly classification on the MVTec AD [(1]
dataset.



CHAPTER 4. LEARNING TO INPAINT NOMINAL IMAGES 36

4.3 Conclusion

In this chapter, we described framework to mitigate the weakness of
AnomalyControl [11]. Specifically, we have discussed a novel method for generating
defective images that synthesize anomalies on existing anomaly images, thereby
addressing the common shortcomings of AnomalyControl [11]. However, due
to the limited availability of anomaly images, the regenerated nominal regions
tend to exhibit low diversity. To overcome this limitation, we proposed the
VarianceGenerator, which replaces the nominal parts of the generated images
and increases variability. Experimental results demonstrate that incorporating
the VarianceGenerator into the image generation pipeline significantly improves
performance on objects where AnomalyControl [11] struggles. Moreover, training
the classifier on an ensemble of images produced by both AnomalyControl [11] and
our method achieves state-of-the-art anomaly classification results.
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Chapter 5

Related Work and Background

In this part of the thesis, we present our benchmark for novel view synthesis (NVS)
of handheld objects. Chapter 6, begins by introducing the existing benchmarks that
provide datasets of handheld objects. We critically examine their design choices
and discuss their main limitations, such as their reliance on 3D object models,
MANO-based hand models, and depth maps to annotate the ground-truth poses.
After identifying these shortcomings, we introduce our proposed benchmark, which
addresses several of these gaps. In particular, we emphasize the distinctive features
of our dataset, the capture conditions under which it was collected, and its
suitability for evaluating future NVS methods.

5.1 Datasets

This section reviews prior work on existing datasets including single-hand object
datasets, hand—object interaction datasets, two-hand datasets, and full human
interaction datasets. We also summarize common NVS and pose estimation
techniques that build on these resources. As shown in Table 5.1, most existing hand
object interaction datasets rely on MANO-based [73] hand models, pre-scanned 3D
object models, or depth sensors to obtain ground-truth annotations, which limits
their realism and scalability.

Importantly, our work introduces the first dataset that provides accurate object
pose annotations without requiring complex hand or 3D object models. Instead,
we use a ChArUco board, providing a simple, fast, and cost-effective way to enable
reliable evaluation of novel view synthesis in unconstrained handheld settings.
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Dataset Venue & Year Irl;:;;ts #Number of Sensor 3Dle\i/It:)ddel 3D (1)\/11); del Task

Img Sbj Obj
GUN-71 [71] ICCV 2015 v 12k 8 1988 RGB grasp ID X Grasp classification
Dexter+Object [75] ECCV 2016 v 3k 2 2 RGB-D fingertips X Fingertip & hand pose
EgoDexter [70] ICCV 2017 v 3k 4 - RGB-D fingertips X Fingertip pose
FPHA [77] CVPR 2018 v 105k 6 4 RGB-D keypoints v Hand pose & action
ObMAN (78] CVPR 2019 X 150k 20 2,772 RGB MANO v 3D hand-object pose
FreiHand [79] CVPR 2019 v 37k 32 27 RGB MANO X Hand pose
GRAB [30] ECCV 2020 X - 10 51 RGB MANO v 3D hand-object pose
ContactPose [81] ECCV 2020 v 2,991k 50 25 RGB-D MANO v Hand-object contact pose
YCB-Affordance [32] ~ CVPR 2020 v 133k 1 21 RGB MANO v Hand-object pose & affordance
HO3D [83] CVPR 2020 v 8k 10 10 RGB-D MANO v Hand-object pose
DexYCB [3] CVPR 2021 v 582k 10 20 RGB-D MANO v Hand-object pose
H20 [85] ICCV 2021 v 571k 4 8 RGB-D MANO v Hand-object pose
OaklInk [30] CVPR 2022 v 230k 12 100 RGB-D MANO X Hand pose
HOD [57] SIGA 2022 v 126k 1 35 RGB-D X v Hand-object pose
SHOWMe [35] ICCVW 2023 v 87k 15 42 RGB-D MANO v Hand-object pose
HANDAL [39] TROS 2023 v 150k 20 212 RGB X v Object pose
ARCTIC [90] CVPR 2023 v 1,200k 9 10 RGB-D MANO v Hand-object pose
HO-Nerf [91] 1CCV2023 v 85k 4 4 RGB x x Hand-object pose & NVS
HOT3D [92] CVPR 2025 v 37M 19 33 RGB/Mono  MANO v Hand-object pose
Ours (NVS-HO) 2025 v 1.3k 1 67 RGB X X Object NVS

Table 5.1: Comparison of hand—object interaction datasets. NVS-HO is
the first handheld object dataset specifically aimed at NVS of objects. It provides
ground-truth object poses without relying on MANO hand models or 3D object
models, using instead a ChArUco board as a simple, fast, and cost-effective
solution.
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Figure 5.1: [Illustration of neural radiance field scene representation and
differentiable rendering procedure (adapted from Figure 2. in [1] ) (a) NeRFs Feed
the locations into an Multi Layer Perception to produce a color and volume density
(b) using volume rendering techniques to composite these values into an image (c).
This rendering function is differentiable, so it can be used to optimize the scene
representation by minimizing the residual between synthesized and ground truth
observed images (d).
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Figure 5.2: Illustration of 3D Guassian Splatting (adapted from Figure 2. in [93]).
The optimization starts with the sparse SfM point cloud and creates a set of
3D Gaussians. Subsequently, the density of this set is optimized using this set
of Guassians. During optimization fast tile-based renderer is used, which allows
competitive training times compared to SOTA fast radiance field methods optimize
and adaptively control the density of this set of Gaussians. Once trained, the
renderer allows real-time navigation for a wide variety of scenes.

5.2 Related Works

5.2.1 Novel view synthesis

Novel view synthesis (NVS) aims to generate unseen viewpoints of a scene or object
from a limited set of input images and has become a central problem in 3D vision.
Neural Radiance Fields (NeRFs) [1] established the state of the art for NVS, while
3D Gaussian Splatting [5] introduced a novel rasterization-based approach. Both
techniques achieve high-quality results, but their performance heavily depends on
having accurate camera poses. Fig. 5.1 and Fig. 5.2 illustrate the functionality of
NeRFs and Guassian Splatting respectively.

More recently, Vision Transformer (ViT)-based approaches [91] have explored
fully data-driven, feed-forward NVS, where explicit camera poses are not required.
In particular, the Large View Synthesis Model (LVSM) [95] represents a significant
step forward in pose-free NVS. Similarly, VGGT [96] extends this paradigm by
leveraging four input views and representing target viewpoints using Pliicker
rays. In Fig. 5.3, we illustrate the functionality of VGGT. Nevertheless, these
transformer-based approaches present limitations when scaling to large input sets
(e.g., 100+ images). In such settings, traditional pose-based methods remain
superior, as they can efficiently exploit dense multi-view data to train high-fidelity
reconstructions and produce accurate novel views.
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Figure 5.3: Illustration of Visual Geometry Grounded Transformer (adapted from
Figure 2. in [90]). VGGT first patchifies the input images into tokens by DINO,
and appends camera tokens for camera prediction. It then alternates between
frame-wise and global self attention layers. A camera head makes the final
prediction for camera extrinsics and intrinsics, and a DPT [97] head for any dense
output.

5.2.2 Single-Hand objects

Recently, several hand-object datasets have been introduced for grasp classification
and action recognition tasks [74, 98, 99, 100, 101]. However, despite the importance
of hand action recognition, these datasets have rarely been used for object
reconstruction, primarily due to the lack of ground-truth 6-DoF pose annotations.

Obtaining ground-truth pose information for hand-object interactions is a
challenging task due to frequent hand occlusions and the typically low-texture
appearance of objects. Moreover, in static scenes, it becomes nearly impossible to
annotate object poses when the object is rotated around its own axis. These
challenges also make it difficult to reliably integrate visual markers for pose
annotation.

5.2.3 Two-hand 3D pose datasets

Annotating 3D hand poses becomes especially challenging when two hands interact
or occlude each other. The Tzionas dataset [102] addressed this by combining
RGB-D recordings with a realistic hand model that simulates skin movement [103],
and by training a model to recognize fingertips from carefully labeled examples.
Similarly, [104] introduced a dataset of two interacting hands captured with an
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RGB-D camera, using a depth-based tracker [105] for annotation. Because the
tracker was imperfect, they augmented the dataset with synthetic labels to improve
accuracy. In a similar direction, ContactPose [31] relied on a richer setup of seven

RGB cameras, three RGB-D sensors, and a thermal camera to capture detailed
contact interactions between hands and objects.

5.2.4 6-DoF Object Pose Estimation and Tracking

6-DoF object pose estimation aims to recover the full position and orientation
of an object in 3D space, expressed as its translation and rotation. Many
state-of-the-art methods rely on category-agnostic CAD models for offline training

and online template matching [106, 107, 108, 109]. While effective, this dependence
restricts their ability to generalize to novel, previously unseen objects. More
recent approaches [110), , | attempt to address this limitation by learning

representations that extend beyond the training categories. However, they
still require pre-captured reference images of the target objects at inference
time, making them less practical in unconstrained real-world settings. Other
works [113, 70, , 78, 82] explored synthetic data as an alternative, but the
resulting domain gap limits their realism and robustness when deployed on natural
imagery.

5.2.5 Object Reconstruction

Reconstructing 3D object geometry from images has been extensively explored
through learning-based methods [115, , 4]. Recent advances in neural
scene representations have enabled the recovery of high-quality 3D models from
multi-view imagery [117, , , , , O]. Most of these approaches rely on
known and accurate camera poses, segmentation masks, and target scenes with rich
textures and complex geometries. In particular [122], proposes a semi-automatic
method with a similar objective, but it still required manual pose annotations to
recover a textured model of the object.
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Chapter 6

Novel View Synthesis of
Handheld Objects

Hand-object interaction has received considerable attention in the computer
vision field [123]. Vision-based systems capable of synthesizing realistic novel
views from images of handheld objects enable a wide range of applications
in robotics, augmented and virtual reality, digital content creation, and 3D
reconstruction [127, , , 91].  Achieving high-quality novel view synthesis
(NVS) in handheld settings requires accurate reasoning about object geometry
and motion, often through intermediate 6-DoF pose estimation. While dedicated
datasets have advanced handheld object pose estimation, the problem of NVS for
handheld objects remains largely unexplored. Capturing handheld objects, where
the object is rotated while the camera remains fixed, offers a particularly practical
and accessible setup. This approach avoids camera drift, ensures stable framing,
while guaranteeing complete 360° coverage with minimal effort. Compared to
a moving camera, this setup is easier to reproduce with simple hardware and
better reflects natural human interactions with objects, hence making it a strong
foundation for benchmarking real-world NVS.

A wide range of datasets have been proposed for modeling and analyzing 3D
hand-object interactions. Object-centric benchmarks such as LineMOD [127],
YCB-Video [128], and T-LESS [129] paved the way for modern 6-DoF pose
estimation by providing RGB-D images of texture-less objects together with
accurate ground-truth poses derived from 3D models. Hand-object interaction
datasets such as HO-3D [83] extends this direction by offering large-scale,
multi-view data annotated with 3D hand pose and shape information. Other
acquisition methods employ specialized equipment attached to the hand, including
infrared markers [130], color-coded gloves [131], or electrical sensing devices [132],
to facilitate pose estimation. While these datasets have driven progress in pose
estimation, they were not designed for novel view synthesis and therefore lack
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the ground-truth views and evaluation protocol to benchmark NVS methods.
Furthermore, the techniques developed for existing datasets may fail to estimate
poses from RGB images, due to their reliance on depth sensors, synthetic data, or
3D object models.

Recent NVS-oriented datasets have made important progress toward capturing
objects in real-world environments. Though it primarily features static objects,
CO3D [133] provides large-scale, in-the-wild captures across many categories.
HO-NeRF [91] is specifically designed to model hand—object interactions,
estimating hand-object poses as well as enabling joint NVS. WildRGB-D [134]
brings objects into realistic contexts with background variation, albeit it relies on
RGB-D hardware rather than RGB-only inputs. These considerations highlight
the need for benchmarks that combine unconstrained handheld sequences with

accurate reference viewpoints in RGB-only settings, so as to enable evaluation of
NVS methods.

BS BS
Ground-Truth Rendered

HS Image BS Image

Figure 6.1: Two exemplar objects from our dataset. Our dataset addresses
novel view synthesis from handheld images. The columns show: (1) images from
the HS, (2) images from the BS, (3) masked ground-truth images and (4) masked
rendered images.
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Motivated by these limitations, we propose the first benchmark for NVS of
handheld objects in unconstrained real-world conditions using only RGB images,
without relying on MANO [73] hand models or pre-scanned 3D object models. As
shown in Fig. 6.1, the dataset associated with our benchmark comprises two image
sequences per object:

« Handheld Sequence (HS) — The object is freely manipulated by hand
while the camera remains static, as in normal human interactions. This
sequence is used to train a NVS model that can capture the full appearance
of the object.

« Board Sequence (BS) — The object is placed on a ChArUco board while
the camera is moved across a set of capture positions. The markers present
on the board enable accurate pose annotations, referred to as ground-truth
poses. This sequence is used to evaluate the trained NVS model.

To establish baselines, we wuse COLMAP [135], a state-of-the-art
structure-from-motion (SfM) pipeline, to recover camera poses for the HS. We also
adapt VGGT [96], a recent deep learning—based approach that leverages attention
mechanisms to directly predict camera poses. Using the poses estimated by both
methods, we train NVS models, including Neural Radiance Fields (NeRFs) [1] and
Gaussian Splatting [5], on the HS of each of the object captured in our dataset.

To evaluate these methods, we render novel views from the same poses as
the ground-truth ones and compare the rendered images to the corresponding
BS images by standard metrics such as PSNR, SSIM, and LPIPS. As shown
in Fig. 6.1, the comparison is carried out between masked image pairs where
the background is represented with the same color (e.g. white). Our evaluation
protocol ensures reliable reference viewpoints of the ground-truth poses of the BS,
thereby highlighting any estimation errors derived from HS poses.

Key Contributions.

o We introduce the first benchmark specifically designed for NVS of handheld
objects in real-world environments using only RGB images.

o We release a new dataset featuring RGB sequences that captures 67 common
objects. FEach object is recorded in two sequences: a HS featuring natural
hand-object interaction and used for training and a BS equipped with
ground-truth poses designed for evaluation.

o« We propose a method-agnostic evaluation protocol to compare masked
rendered images to masked ground-truth ones to separately evaluate object
and background regions. Key to this protocol is the ability to bring the
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ground-truth viewpoints into their own 3D reference frame that may be
adopted by any NVS method.

o We benchmark state-of-the-art pipelines and reveal significant performance
gaps under unconstrained handheld conditions, identifying directions for
future research in pose estimation and NVS.

6.1 Dataset Creation

Material preparation. We collected 67 everyday objects spanning two broad
categories: household items and toys. The objects vary in size, shape, and texture,
introducing diverse challenges for 6-DoF pose estimation and novel view synthesis.
As already highlighted in the introduction, two RGB sequences were acquired for
each object both taken under controlled indoor lighting to ensure consistent image
quality.

Camera. All sequences were captured with an OAK-D Lite camera!, a compact
RGB-D device with synchronized RGB and depth streams. In this work we only
use the RGB modality. For every recording we captured approximately 100-200
RGB frames at a resolution of 1080 x 1920 pixels, starting and ending from the
same viewpoint to guarantee complete 360° coverage of the object.

Calibration and Undistortion. The OAK-D Lite was calibrated using a
standard chessboard pattern. The calibration images were captured at the same
resolution as the dataset images. Calibration provides the intrinsic parameters
matrix and the distortion coefficients, denoted here as § = [ky, k2, k3, p1,p2]. All
RGB frames are undistorted using these parameters, and the camera model is
converted to a pure pinhole representation.

Image Acquisition. For each object we record two complementary monocular
RGB sequences: HS and BS. The HS shows the object being freely manipulated
by hand while the camera remains static. Although we capture image sequences
rather than continuous video, some frames from HS exhibit motion blur, which we
preserve to make the benchmark more realistic and challenging. These handheld
sequences are used to estimate camera poses and train novel view synthesis
methods.

The BS records the object fixed on a ChArUco board while the camera is
moved around so as to capture a set of images that frame the object from
different viewpoints. For these sequences, ground-truth poses are obtained using
OpenCV [136]. The detected 2D ChArUco corners are matched to their known
3D board coordinates. Then, solvePnP computes the per-frame camera rotation
R; and translation T; relative to the board’s coordinate frame. These board poses

Thttps://docs.Juxonis.com /hardware /products/OAK-D Lite


https://docs.luxonis.com/hardware/products/OAK-D Lite

CHAPTER 6. NOVEL VIEW SYNTHESIS OF HANDHELD OBJECTS 47

provide accurate ground truth annotations for evaluation, as well as reference
viewpoints to quantify the impact of pose estimation errors in the handheld
sequences on reconstruction and novel view synthesis quality.

6.2 Benchmark

6.2.1 Dataset, Task, and Metrics

Dataset. Using the procedures described in Section 6.1, we scanned 67 objects,
capturing 100-200 views per object in both the HS and BS. The image sets densely
cover 360° around each object, ensuring rich viewpoint diversity. One icon image
per object taken from the HS is shown in Appendix B.1.

The key data released in our benchmark consist of undistorted RGB images
from both kinds of sequences, alongside the estimated camera intrinsics. In
particular, for each object, the images from the HS are used to train NVS
models, while those pertaining to the BS are used for evaluation purposes. The
number of training and testing (i.e. evaluation) images for each object is detailed
in Appendix B.1.

Tasks. Our benchmark focuses on evaluating NVS of handheld objects in
real-world conditions. Given a set of handheld images (i.e. the HS), a method
must recover 6-DoF camera poses and use them to train a NVS model.

Evaluation is carried out by querying the trained NVS model at viewpoints

corresponding to the BS, where accurate ground-truth poses are available thanks
to the detection of ChArUco markers. The synthesized views are then compared
to the corresponding masked RGB images from the BS frames. This setup directly
measures both the quality of novel view synthesis and the robustness of the
underlying pose estimation.
Evaluation protocol. Since external pose estimators may output trajectories in
arbitrary scales and coordinate frames, we establish an evaluation protocol that
can bring the test poses, defined in metric units within the coordinate frame of
the BS, into the scale and coordinate frame estimated from the HS. To this end,
we start by constructing a Combined Sequence (CS) that acts as a bridge between
the coordinate frame of the BS and that estimated by the NVS from the HS.

As illustrated in Fig. 6.2, the camera poses of the BS are first estimated in
metric units (mm) and with respect to a world reference frame associated with the
ChArUco board via standard marker detection.

Then, we rely on Grounded SAM2 along with object specific prompts [137] to
segment the foreground object in the images of the BS and HS, thereby getting
rid of the background in both, as well as of the person’s hand in the latter. The
foreground masks, thus are used to set to black all background pixels in both
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Figure 6.2: Data processing pipeline. For each object we record two monocular
RGB sequences: an HS where the object is manipulated by a human while
the camera is static, and a BS where the same object is fixed on a ChArUco
board. BS poses are estimated with OpenCV via marker detection. Then, the
Grounded SAM2 produces segmentation masks for BS and HS, enabling foreground
extraction. HS and BS are combined to produce CS. The CS combined with
the fixed BS poses and the estimated intrinsics are then fed into COLMAP that
produces the resultant CS poses, where HS poses are estimated within coordinate
system of the BS.
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sequences. The masked images belonging to both the BS and HS are merged into
a single sequence, previously introduced as CS. The next step of the procedure
deals with running COLMAP [135] on the CS. In particular, we set the intrinsic
parameters to the values estimated by camera calibration and inject as hard
constraints the previously estimated poses of the BS. This forces COLMAP to
recover the camera poses of the HS in the same metric units and world reference
frame as those of the BS. Hence, the CS acts as a bridge between the two object
captures and forms the foundation of our evaluation protocol.

As anticipated, a NVS method fed with the HS will estimate camera poses in
its own units and coordinate frame. Thus, to synthesize novel views, it will have
to be queried with poses defined according to such units and frame. As the poses
of our test images are defined in the units and coordinate frame of the BS,; to
permit a quantitative evaluation between synthesized and test images, we need
to bring the poses of the test images into the method’s own units and reference
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(a) BS Poses (OpenCV) b) HS Poses (COLMAP) c) HS and BS Poses

e) BS Poses Expressed in Handheld World f) HS and BS poses Expressed in Handheld World

—e— BS Poses —e— BS Poses.
—e— HS Poses

Figure 6.3: Illustration of the pose alignment procedure. (a) Camera poses
estimated from the BS using a ChArUco board, expressed in metric scale with
a world coordinate system defined by the calibration board. (b) Camera poses
estimated from the HS using COLMAP, with an arbitrary scale and coordinate
frame.(c) Overlay of (a) and (b), illustrating the misalignment due to differing
coordinate systems and scales. (d) HS poses estimated by running COLMAP on
the CS, with estimated intrinsics and BS poses injected, ensuring both sequences
share a common coordinate system. This trajectory serves as a reference frame
bridging (a) and (b). (e) The BS poses from (a) transformed with a Sim(3)
alignment computed via the Kabsch-Umeyama [1353] algorithm, and now fully
expressed in the HS coordinate frame. (f) Overlay of (b) and and the aligned BS
poses from (e), confirming that the BS poses are now expressed in the HS world.

frame. Purposely, we deploy the Kabsch-Umeyama algorithm [138] to estimate a
similarity transformation (SIM(3)) based on the 3D-3D correspondences provided
by the camera centers estimated by the NVS and those estimated by COLMAP via
the CS. Since this transformation (a 3D roto-translation along with a scale change)
brings 3D coordinates from the reference frame of the CS into the method’s own
frame, it can be applied to the camera poses of the BS to define the viewpoints to
synthesize the test images in order to evaluate the NVS method.

An example reporting the different trajectories associated with the camera
poses dealing with the BS, HS, CS and, finally, the aligned BS as reported in
Fig. 6.3. In practice, given the camera poses estimated from the HS, the evaluation
of a NVS method requires a simple two-step pose alignment procedure: i) compute
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the SIM(3) transformation from the CS to the method’s own reference frame
and ii) apply the transformation to the test (i.e. BS poses). This alignment
procedure makes it straightforward for users to transform the BS poses into their
own estimated coordinate systems. Indeed, as part of our evaluation suite, we
provide a script that, given the estimated HS poses, returns the aligned test poses.
Finally, we point out that along with the HS images, we also provide the associated
segmentation masks obtained via Grounded SAM2 [137]. Hence, users may choose
to rely on our pipeline to mask out the background or develop their own, or,
perhaps, even to estimate poses on the original HS images, without performing
any explicit foreground segmentation step.

Metrics. Following standard practice in NVS, we evaluate the methods applied
on our dataset using Peak Signal-to-Noise Ratio (PSNR) [139], Structural
Similarity Index Measure (SSIM) [110], and Learned Perceptual Image Patch
Similarity (LPIPS) [I11]. To assess the rendering quality in our object-centric
setting, we leverage the segmentation masks generated with Grounding-SAM2 and
category-specific prompts. In particular, we define two complementary evaluation
modes:

o Foreground Evaluation: For PSNR, background pixels are masked out
from the ground-truth images (i.e. those belonging to the BS) and the
metric is computed solely within the object region. For SSIM and LPIPS,
both the rendered and ground-truth images are cropped to tight bounding
boxes defined by the foreground masks, focusing the evaluation on the object.
Indeed, had the metrics been computed on whole images, the contribution of
large background areas may have dominated the measured values, whereas
the goal of our benchmark concerns the ability to accurately capture the full
appearance of an object while it is being manipulated in front of a camera.

o Background Evaluation: The foreground masks are inverted to select
background regions, and all metrics (PSNR, SSIM, LPIPS) are computed
exclusively on those areas. This is motivated by the fact that methods
may produce artifacts in the background, which would not be penalized by
the Foreground Evaluation. To ensure fair comparison across methods, we
normalize the background color used in the evaluation. Indeed, different NVS
approaches may render backgrounds via different colors (e.g. white, black or
some gray), which skews the metrics if a fixed background color is chosen for
the ground-truth images. To address this, we explicitly set the background
color of the ground-truth images to match that used by the specific NVS
method under evaluation. This establishes a consistent evaluation protocol
for future work. In particular, researchers willing to evaluate their method(s)
will have to input the adopted background color into an evaluation script
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provided with our benchmark, and the script will modify the background
color of the ground-truth images accordingly. We also point out that PSNR
goes to infinity when comparing two identical images. This might occur
in our benchmark because, as discussed above, background pixels take the
same color in rendered and ground-truth images. In particular, a method
may render a background identical to the ground truth if pose estimation is
nearly flawless or it fails to render any foreground at all, though in the latter
circumstance the overall assessment will be penalized by the Foreground
Evaluation. Due to the above eventualities in the Background Evaluation,
we cap the PSNR to a very high value (i.e. 100) to enable score aggregation
across images and objects.

6.2.2 Baseline Methods

Pose Estimation. For pose estimation from the HS, we employ two
state-of-the-art approaches: a classical StM pipeline (COLMAP [135]) and a recent
ViT-based model (VGGT [96]). To estimate poses by these methods we input
masked images containing only the foreground object extracted by Grounded
SAM2 [137], as already discussed with reference to pose estimation from the CS.

For SfM-based pose estimation, we adopt COLMAP [135]. To estimate poses
using COLMAP, all runs employ the sequential matcher, which is well-suited for
video-style data. The sequential matcher relies on an overlap parameter, which
determines how many neighboring frames are considered for feature matching. We
tune this overlap individually for each object to account for variations in motion,
frame density, and scene characteristics.

For ViT-based [91] pose estimation, we adapt VGGT [96], the current
state-of-the-art in this field. Despite its general effectiveness, we found that VGGT
struggles with sequences containing rather large uniformly colored backgrounds,
which are common in our handheld-capture settings. To address this, we introduce
several modifications to ensure that the model attends primarily to foreground
object features. First, we compute the union of all foreground masks in the
given HS and crop images accordingly, updating the camera’s principal point after
cropping. The cropped images are then processed by VGGT’s standard pipeline,
including square padding, resizing, and feature extraction via DINO-V2 [15]. Next,
we modify the input to the first VGGT attention block by pruning the tokens
corresponding to background regions. To ensure that only foreground is considered
for computation of global and frame level attention. Additionally, to assure every
frame provides the same number of tokens to the attention layers, we identify
the minimum number of foreground tokens present in the sequence and use this
count consistently for all frames. For each image, we retain only the first n tokens,
while preserving their original positional encodings. These tokens are then passed
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Figure 6.4: NVS results. Top and bottom rows report metrics dealing with
Foreground and Background Evaluation, respectively.

through VGGT’s alternating attention layers. Finally, the pruned background
tokens are reintroduced by scattering zeros into their original positions, ensuring
compatibility with DPT [97] heads. For refinement, we leverage VGGT’s predicted
point maps to perform bundle adjustment on the estimated poses, plugging in our
calibrated (see Section 6.1), and later adjusted intrinsics in place of those estimated
by the model.
Novel View Synthesis. For novel view synthesis, we establish the baselines
considered in our benchmark by deploying the Nerfstudio [I12] library, using
Nerfacto [112], a method based on NeRF [!], and the Gaussian Splatting [93]
method Splatfacto. For both Nerfacto and Splatfacto we train models based
on poses estimated by COLMAP and VGGT. During training, we employ
alpha transparency carving to better capture fine details and preserve clean
object boundaries, which is critical for evaluating reconstruction quality on our
object-centric dataset. In addition, we experiment with enabling pose optimization
during training to assess its impact on performance.

The values of the key hyperparameters concerning the considered pose
estimation and novel view synthesis methods are reported in Appendix B.1.



CHAPTER 6. NOVEL VIEW SYNTHESIS OF HANDHELD OBJECTS 23

6.3 Benchmark Results

In Fig. 6.4, we present results on our dataset NVS-HO, where camera poses were
estimated using COLMAP [135] and VGGT [96] and subsequently used to train
Nerfacto [112] and Splatfacto [5], both with and without pose optimization. We
report the results as box plots to capture the distribution of the metrics across
objects, due to the large number of objects and the large variance in the results.
The same results in tabular form are reported in the Appendix B.2. The most
evident result is that COLMAP outperforms VGGT across all metrics, exhibiting
both better median values as well as less variance in the metrics. Hence, for reliable
pose estimation in handheld scenarios traditional SfM seems still preferable.
Another interesting result is that Splatfacto consistently outperforms Nerfacto
across all evaluation metrics. Yet, both the median PSNR and SSIM are low in
absolute terms, e.g. the median PSNR of Splatfacto with COLMAP poses is about
16. Moreover, activating pose refinement at training time brings only marginal
improvements. Since Nerfacto and Splatfacto usually deliver very good results
in more controlled setups where poses are known or can be estimated reliably,
these findings suggest that more accurate pose initialization is required to improve
metrics in our benchmark. This trend is also evident in the qualitative examples
of Fig. 6.5, where we can see that, although COLMAP yields renderings that better
align with object boundaries compared to VGGT-based reconstructions, they both
exhibit misalignments between rendered content and ground-truth mask edges.
In Appendix B.2, we provide detailed results across few objects.

6.4 Conclusions

In this chapter, we introduced a benchmark collected during my PhD which is
dedicated to NVS of handheld objects in unconstrained real-world conditions
using only RGB inputs. This work has been documented in a paper that is
currently under review for publication in a computer vision conference. Unlike
prior datasets, our benchmark does not rely on pre-scanned 3D object models or
MANO hand models. Our experiments with state-of-the-art methods reveal that
current pipelines struggle under handheld scenarios, highlighting challenges such
as hand-induced partial occlusions and texture-less surfaces.

We believe that NVS-HO establishes a valuable foundation for the community,
offering both a practical benchmark and a standardized evaluation protocol to
drive future research in handheld object reconstruction and novel view synthesis.
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Figure 6.5: Qualitative NVS results. Red edges denote the ground-truth object
masks. Renders based on VGGT poses show visible misalignment with the mask
due to pose inaccuracies, whereas COLMAP poses produce better alignment and
higher-quality novel views.
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Chapter 7

Concluding Remarks

In this thesis, we have investigated neural image synthesis for industrial computer
vision applications. The first part focuses on image synthesis for industrial
anomaly inspection and the second on the novel view synthesis of handheld objects.

In Part I, we demonstrated that diffusion models can generate realistic
synthetic anomaly images that significantly enhance downstream inspection
performance. By synthesizing specific anomaly types, this approach adopts a
Closed World Assumption, wherein the defect manifold is explicitly modeled. This
stands in contrast to pure anomaly detection, which typically operates under
an Open World Assumption by modeling only nominal conditions and flagging
any deviation as a generic outlier. By explicitly defining these defect classes for
training, our framework shifts the objective from simple novelty detection to a more
robust classification task. To achieve this, we first introduce AnomalyControl [11],
followed by VarianceGenerator [16], which addresses the former’s limitations.

The main issue found with AnomalyControl [11] was the misalignment between
nominal samples and anomaly masks. VarianceGenerator [106] resolves this by
generating anomalies directly on the training set, ensuring that masks are always
aligned with foregrounds. Additionally, we adapt ControlNet inpainting [%] to
learn how to inpaint nominal parts, which further improves downstream anomaly
classification performance.

Despite these advances, these approaches continue to have limitations. First,
diffusion model must be trained separately for each object. Second, both methods
rely heavily on prompt engineering. A potential solution is to train a single
diffusion model across all objects and learn prompts into a dictionary of diffusion
models, similar to Textual Inversion [6]. Third, the DINO-V2 [15] based filtering
strategy used to discard unrealistic images or those with missing defects could be
further refined to select the most realistic images, which would likely improve the
performance on downstream anomaly inspection tasks.

In Chapter 6, we introduced NVS-HO, a benchmark for novel view synthesis
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of handheld objects. This includes a new dataset containing RGB sequences
of 67 common objects. Each object is recorded in two sequences: a Handheld
Sequence that captures natural hand-object interactions and is intended for
training, and a Board Sequence equipped with ground-truth poses for evaluation.
We also proposed a method-agnostic protocol to evaluate viewpoints rendered by
novel view synthesis techniques. In this project, we adapt COLMAP [135] and
VGGT [96] for pose estimation, and Nerfacto [112] and Splatfacto [5] for novel
view synthesis. Our results highlight the challenges of pose estimation and novel
view synthesis for handheld objects using RGB-only images.

A key limitation of current pose estimation pipelines is their poor performance
on texture-less objects. Although VGGT [96] represents an improvement in
recent state-of-the-art models, it struggles when objects have black or uniform
backgrounds. To address this, we introduced token pruning in VGGT’s attention
layers; however, results still underperform compared to COLMAP. We believe pose
estimation accuracy can be further improved, especially since NeRFs and Gaussian
Splats already achieve state-of-the-art performance in novel view synthesis.

Another promising direction is exploring feedforward novel view synthesis using
LVSM, as adapted by VGGT [96]. Currently, this approach predicts only a fifth
view from four input images, which makes it challenging to adapt to our dataset
with 100+ images. Future work could investigate scaling feedforward NVS to
handle larger image sequences while maintaining accurate novel view synthesis.
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Appendix A

FEW SHOT ANOMALY
GENERATION

A.1 Introduction

In this Appendix we will provide more details about AnomalyControl as
well as additional results. Appendix A.2 gives an in-depth description of our
training procedure and chosen hyperparameters. Appendix A.3 shows examples
of generated images to ease the comparison with similar techniques, e.g.,
AnomalyDiffusion [52]. Finally, Appendix A.4 reports additional results on
downstream anomaly inspection tasks.

A.2 Implementation Details

Data Augmentation For ControlNet Training. When training ControlNet
[8], to avoid overfitting we deploy a data augmentation pipeline that includes
flipping, rotation and cropping of both the real defective images together and their
associated defect masks. While cropping, we store the minimum and maximum
locations of the ground truth mask to ensure that the defect does not fall outside
the image during training.

More precisely, any training image is augmented with (50%) probability, and,
if augmented, the following random transformations are applied :

« Vertical Flip (50% probability)
« Horizontal Flip (50% probability )
« Random Rotation: +20 degrees (50% probability)

« Crop
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Anomaly Generation. When we generate new anomaly samples, we randomly
select good images and defect masks using a uniform distribution. We also
apply the transformations described in the previous paragraph, except for random
cropping of the masks, to generate more varied synthetic anomalies. Additionally,
we use 20 DDIM steps and a classifier-free guidance scale of 7.5 to generate the
images.

Hyperparameters For ControlNet Training. We train a different ControlNet
model for each MVTec-AD [(1] object. We use a learning rate of 0.00001, a batch
size of 1, gradient accumulation of 8, and train for 40,000 steps.

Classifier Hyperparameters. The linear classifier head is placed on top of
a ResNet-34 [65] backbone and we train a different model for each MVTec-AD
object. We use a learning rate of 0.00001, a batch size of 8 and train for 50 epochs.
Furthermore, we define a learning rate scheduling where we decrease the learning
rate by 0.1 at epochs 40 and 45.

UNet Hyperparameters. We train a UNet [9] from scratch for each MVTec-AD
object for each MVTec-AD object to perform anomaly detection and localization.
We use a learning rate of 0.0001, a batch size of 8, and train for 200 epochs. Also,
we define a learning rate scheduling where we decrease the learning rate by 0.1 at
epochs 160 and 180.

Prompt Engineering. In Table A.1, we sort the anomaly categories for each
MVTec-Ad object in alphabetical order and show the prompts that we have
dessigned and used for each anomaly class. It must be noted that the first part
of any prompt follows the template a photo of [*], where [*] is replaced by an
anomaly-specific prompt.

Image Filtering. To detect low-quality generated images, we compute
DINO-v2 [45] embeddings using the small variant. Since DINO-v2 requires an
input size multiple of 14, we pad the images by 5 pixels in both dimensions, such
that the resultant size becomes 266 x 266.

A.3 Qualitative Comparison

Detailed Qualitative Results. For a fair qualitative comparison, we randomly
sampled images from the MVTec-AD [(1] training split as well as among the
images generated by AnomalyDiffusion [52] and our own method. We present
detailed qualitative results in Fig. A.1 through A.15.

Limitations. In Chapter 3 we discussed limitations of our methods. Here, some
examples of failures are shown in Fig. A.16.
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A.3.1 Anomaly Generation Quality

IC-LPIPS. As suggested by [11, 52], we compute the IC-LPIPS [69] on a filtered
set of 1000 images for each anomaly type. We complement the Table from
AnomalyDiffusion and add our column in Table A.2. However, we believe that
IC-LPIPS is reliable metric for measuring the diversity rather the quality, i.e.
realism, of the generated anomaly images. For instance, for the leather object, the
images generated by AnomalyDiffusion appear unrealistic, as shown in Fig. A.7,
despite the method having a large IC-LPIPS score on this object.

Kernel Inception Distance(KID). To compute the Kernel Inception Distance
(KID) [144], we follow the approach of DFMGAN [I11]. We compute the KID on
the images provided by AnomalyDiffusion [52] and on our 500 randomly sampled
images used for downstream anomaly inspection tasks. The results are reported
in Table A.3. The results show that we achieve a better KID score across all the
MVTec-AD [(1] objects.

A.4 Additional Results on Anomaly Inspection

Anomaly Classification. Table A.4 reports downstream anomaly classification
performance following the proposed test protocol or the baseline test protocol using
images provided by AnomalyDiffusion and ours 500 randomly sampled images.
It can be noted that images generated by our method consistently improve
downstream anomaly classification with both the proposed test protocol or the
baseline test protocol.

Anomaly Detection and Localization. Table A.6 and Table A.7 report the
results on, respectively, downstream anomaly detection and localization following
the proposed test protocol or the baseline test protocol using images provided by
AnomalyDiffusion and ours 500 randomly sampled images. It can be the noted
that both methods show similar performance on these tasks.

Additional Comparison on Anomaly Localization. Here, we provide
additional experiments on pixel-level anomaly localization. We complement the
tables form AnomalyDiffusion [52] with our results following the baseline test
protocol. We report the AUC and AP in Table A.7 and F;-max in Table A.9.
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MVTec-Ad Object

Anomaly-specific prompts

‘bottle’

‘cable’

‘capsule’
‘carpet’
‘grid’
‘hazelnut’
‘leather’
‘metal nut’

‘pill’

‘screw’

‘tile’

‘toothbrush’
‘transistor’

‘wood’

‘zipper’

‘a large breakage’, ‘a with small
breakage’, ‘a contamination’

‘a bent wire’, ‘a cable swap’, ‘multiple
defects’, ‘a cut inner insulation’,

‘a cut outer insulation’, ‘a missing
cable’, ‘a missing wire’, ‘a poke
insulation’

‘a crack’, ‘a faulty imprint’, ‘a
scratch’, ‘a squeeze’, ‘a poke’

‘a color stain’, ‘a cut’, ‘a hole’, ‘a
metal contamination’, ‘a thread’

‘a bent part’, ‘a broken part’, ‘a
glue’, ‘a metal contamination’, ‘a
thread’

‘a crack’, ‘a cut’, ‘a hole’, ‘a print’
‘a color stain’, ‘a cut’, ‘a fold’, ‘a
glue’, ‘a poke’

‘a bent part’, ‘a color stain’, ‘a
flipped metal nut’, ‘a scratch’

‘a color stain’, ‘a contamination’,

‘multiple detects’, ‘a crack’, ‘a faulty
4

imprint’, ‘a different type of pill’, ‘a
scratch’

‘a broken tip’, ‘a scratched head’, ‘a
scratched neck’, ‘a damaged thread’, ‘a
damaged thread’

‘a crack’, ‘a glue’, ‘a gray stain’, ‘a
oiled surface’, ‘a rough surface’
‘multiple defects’

‘a bent lead’, ‘a cut lead’, ‘a damaged
case’, ‘a misplaced case’

‘a color stain’, ‘multiple defects’, ‘a
hole’, ‘a liquid’, ‘a scratch’

‘broken teeth’, ‘multiple defects’, ‘a
damaged fabric’, ‘a damaged fabric’, ‘a
rough surface’, ‘split teeth’, ‘squeezed
teeth’

Table A.1: Anomaly Specific prompts for MVTec-Ad [61] dataset objects.
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Anomaly

Object DiffAug [68] CDC [69] Crop-Paste [19] SDGAN [51] Defect-GAN [113] DFMGAN [11] Diffusion 7] Ours
bottle 0.03 0.04 0.04 0.06 0.07 0.12 0.19 0.15
cable 0.07 0.19 0.25 0.19 0.22 0.25 0.41 0.39
capsule 0.03 0.06 0.05 0.03 0.04 0.11 0.21 0.18
carpet 0.06 0.03 0.11 0.11 0.12 0.13 0.24 0.22
grid 0.06 0.07 0.12 0.10 0.12 0.13 0.44 0.45
hazel 0.05 0.05 0.21 0.16 0.19 0.24 0.31 0.32
leather 0.06 0.07 0.14 0.12 0.14 0.17 0.41 0.31
metalnut 0.29 0.04 0.15 0.28 0.30 0.32 0.30 0.28
pill 0.05 0.06 0.11 0.07 0.10 0.16 0.26 0.25
SCrew 0.10 0.11 0.16 0.10 0.12 0.14 0.30 0.23
tile 0.09 0.12 0.20 0.21 0.22 0.22 0.55 0.49
toothbrush 0.06 0.06 0.08 0.03 0.03 0.18 0.21 0.18
transistor 0.05 0.13 0.15 0.13 0.13 0.25 0.34 0.29
wood 0.30 0.03 0.23 0.25 0.29 0.35 0.37 0.37
zipper 0.05 0.05 0.11 0.10 0.10 0.27 0.25 0.23
Avg 0.09 0.07 0.14 0.13 0.15 0.20 0.32 0.29

Table A.2: Comparison on IC-LPIPS [69] on MVTec-Ad dataset. For each row
best in bold, second best is underlined.

Object AnomalyDiffusion  Ours

bottle 139.66 49.220
cable 160.40 40.690
capsule 74.950 14.300
carpet 143.81 143.89
grid 66.310 44.090
hazelnut 40.090 13.380
leather 222.51 104.20
metal nut 179.67 75.070
pill 81.100 31.020
screw 20.450 0.9100
tile 339.77 210.77
toothbrush 78.400 43.990
transistor 122.02 3.6000
wood 184.53 32.970
zipper 142.11 98.850
Avg 133.02 61.260

Table A.3: Comparison on KID with AnomalyDiffusion|[52]
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Validation on Validation on Last Checkpoint

Object Anomaly Images (Test Split) | Anomaly Images (Train Split)
AnomalyDiffusion Ours AnomalyDiffusion Ours AnomalyDiffusion  Ours
bottle 92.36 85.80 76.97 73.95 80.92 79.76
cable 73.28 72.81 71.87 65.46 69.52 69.37
capsule 45.47 66.93 39.60 61.46 39.06 60.79
carpet 64.35 58.22 56.61 51.12 56.39 51.44
grid 43.50 55.00 32.80 43.00 39.75 38.75
hazel nut 75.21 92.40 70.83 84.58 73.22 80.20
leather 62.22 74.44 48.09 65.55 47.74 67.61
metal nut 85.94 71.40 75.93 65.00 75.76 66.36
pill 54.37 64.89 49.79 57.39 51.14 63.08
screw 41.35 33.40 36.04 30.00 39.74 29.25
tile 91.05 74.21 85.08 71.22 85.96 70.70
transistor 66.07 85.71 58.92 75.00 46.40 79.64
wood 69.76 78.80 67.14 69.04 64.91 73.52
zipper 64.63 70.73 61.70 63.29 58.51 66.92
Average | 66.40 70.30 | 59.39 62.60 | 59.22 64.89

Table A.4: Anomaly Classification accuracy - First Column: baseline test protocol,
Second and Third column: proposed test protocol. For each row, best result in

bold.
Validation on Original Training Set Anomaly Localization on Last Check Point

Object AnomalyDiffusion Ours AnomalyDiffusion Ours
AUC AP Fj;-max PRO | AUC AP Fy-max PRO | AUC AP Fi;-max PRO | AUC AP Fi;-max PRO
bottle 98.8 84.5 786 92.4 | 986 883 81.5 91.6 | 98.8 83.3 77.6 923 | 98.1 85.8 785 90.1
cable 98.2 83.1 T74.8 92.2 | 94.7 754 70.5 90.1 | 98.0 82.8 75.2 92.77| 929 744 70.6 88.9
capsule 94.6 32.8 41.0 723 | 91.3 299 39.0 89.0 | 95.9 289 40.8 80.8 88.9 30.5 39.7 88.6
carpet 97.7 736 67.6 85.0 | 974 79.1 73.3 87.9 | 792 3.2 9.4 26.1 | 95.4 74.5 71.3 84.2
grid 85.5  20.0 28.4 714 1 97.3 46.4 51.5 92.6 | 854 19.0 27.3 70.7 | 96.2 47.2 52.3 91.4
hazelnut 98.9 819 76.2 92.7 | 98.0 82.9 76.2 95.9 | 98.6 75.8 70.1 91.2 96.2 78.9 73.6 95.7
leather 99.8 75.5 69.8 98.0 | 98.6 75.0 69.7 97.8 | 99.7 725 68.6 97.6 | 980 T73.4 69.1 97.5
metal nut | 99.5 97.8 92.7 91.7 | 994 97.7 92.9 91.3 | 99.2 96.7 91.5 89.1 | 99.3 96.0 90.2 92.0
pill 99.7 95.6 89.1 92.7 |1 99.1 888 80.9 96.9 | 99.7 95.0 88.4 91.2 99.2 915 83.9 97.4
screw 91.8 45.0 49.1 80.4 | 86.5 14.0 24.2 61.6 | 80.2 43.9 49.3 65.8 | 843 139 23.7 60.0
tile 99.4  94.6 87.2 953 | 99.5 95.3 88.1 96.2 | 99.1 92.2 83.6 952 | 99.4 94.7 875 96.4
toothbrush | 96.4 55.3 58.6 83.3 | 783 44.4 51.1 69.8 | 93.7 49.9 55.0 82.4 | 76.8 45.7 52.9 66.7
transistor | 99.3 91.8 84.7 89.3 | 98.8 86.9 832 92.7]99.1 91.2 844 92.7 | 99.1 889 84.3  93.6
wood 97.6 70.5 67.0 89.5 | 97.4 81.6 749 95.2| 96.0 585 59.9 82.6 | 96.8 80.0 744 93.6
zipper 99.2  84.7 78.2 96.0 | 99.3 85.7 79.0 96.3|99.0 83.6 76.3 95.8 | 97.0 79.0 74.4 93.4
Avg 97.1 724 69.5 88.2 | 95.6 714 69.1 89.7 | 94.8 65.1 63.8 83.1 94.5 70.3 68.4 88.6

Table A.5: Results on pixel-level anomaly localization - First Column: baseline

test protocol, Second and Third column: proposed test protocol.
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Validation on Anomaly Images (Test Split) Validation on Anomaly Images (Train Split) Last Check Point
Object AnomalyDiffusion Ours AnomalyDiffusion Ours AnomalyDiffusion Ours
AUC AP Fy-max | AUC AP Fij-max | AUC AP Fj-max | AUC AP Fj-max | AUC AP  Fj-max | AUC AP Fj-max

bottle 99.9 99.9 994 99.9 99.9 994 99.6 99.9 99.3 99.9 99.9 99.3 99.8 99.9 99.0 99.0  99.6 98.5
cable 99.5 99.6 97.4 | 981 98.7 957 |99.2 99.4 97.5 | 96.8 979 946 |99.5 99.6 97.7 | 96.9 98.1 95.3
capsule 921 976 92.1 95.3 98.7 94.8 | 8.1 935 8.6 |92.9 97.8 93.0 | 90.8 974  90.5 | 94.3 98.3 94.4
carpet 89.0 954 889 |96.4 98.6 94.6 | 890 953 890 |92.7 97.2 91.8 | 588 679 86 |91.6 96.8 91.5
grid 97.3 98.8 96.1 99.6 99.8 98.7 | 939 975 932 98.5 99.4 98.5 | 938 972 919 |98.3 99.4 98.6
hazelnut 99.8 99.8 98.4 99.8 99.8 98.7 99.7  99.8 99.0 100 100 99.9 98.0 98.7 95.5 100 100 100
leather 99.9 100 99.0 100 100 99.8 99.7  99.9 98.7 100 100 99.8 99.7  99.9 98.8 100 100 99.7
metal nut | 100 100 99.7 100 100 99.8 99.7 99.9 99.1 99.5 99.9 99.2 98.2 99.5 98.2 100 100 99.8
pill 96.0  99.0 95.2 99.4 99.8 984 96.6 99.2 96.0 98.4 99.6 97.4 96.2  99.1 95.1 98.1 99.5 974
screw 93.9 97.1 91.3 91.9 958 91.5 82.5 91.8 83.5 724 85.8 80.9 79.0 91.0 834 65.7 821 79.9
tile 100 100 100 99.9 100 99.7 100 100 99.9 99.8  99.9 99.3 100 100 99.8 99.8 99.9 99.2
toothbrush | 100 100 99.8 99.0  96.5 99.5 99.5 99.7 98.8 95.1  97.5 93.6 99.8 99.9 995 97.5  98.6 95.6
transistor | 99.9  99.8 98.8 100 99.9 99.3 98.4  98.1 95.8 99.6 994 97.9 99.8  99.7 98.9 100 99.9 99.5
wood 994 99.7 98.5 99.8 99.9 98.9 98.2 992 96.2 99.9 99.9 99.1 97.8 99 95.6 99.8 99.9 99.0
zipper 100 100 99.9 100 100 99.9 100 100 99.9 100 100 99.9 | 99.9 100 99.2 | 99.9 100 99.6
Avg 97.8  99.1 97.0 98.6 99.3 97.7 95.7 982 95.6 96.4 98.3 96.3 94.1  96.6 95.4 96.1 98.1 96.5

Table A.6:

protocol, Second and Third column: proposed test protocol.

Results of image-level anomaly detection - First Column:

baseline test

Validation on Anomaly Images (Test Sphit) Validation on Anomaly Images (Train Split) Tast Check Point
Object AnomalyDiffusion Ours AnomalyDiffusion Ours AnomalyDiffusion Ours
AUC AP Fj-max PRO | AUC AP Fj-max PRO | AUC AP Fi-max PRO | AUC AP Fi-max PRO | AUC AP Fimax PRO | AUC AP Fi-max PRO
bottle 99.1 86.9 80.0 92.8 | 98.6 88.2 80.5 92.1 | 98.8 84.5 78.6 92.4 | 98.6 88.3 81.5 91.6 | 98.8 83.3 77.6 92.3 98.1 85.8 78.5 90.1
cable 97.9 82.9 75.1 93.0 | 95.8 76.2 71.0 90.3 | 98.2 83.1 74.8 92.2 | 94.7 754 70.5 90.1 | 98.0 82.8 75.2 92.77 | 929 744 70.6 88.9
capsule 96.0 309 40.6 773 | 928 33.5 41.7 89.9 | 94.6 32.8 41.0 723 | 91.3 299 39.0 89.0 | 95.9 289 40.8 80.8 88.9  30.5 39.7 88.6
carpet 97.8 743 68.6 85.6 | 98.4 82.0 74.8 90.3 | 97.7 T73.6 67.6 85.0 | 974 79.1 73.3 87.9 | 79.2 3.2 9.4 26.1 95.4 T4.5 71.3 84.2
grid 91.6 275 33.3 81.5 | 98.7 50.6 53.9 95.4 | 855 20.0 28.4 714 | 97.3 46.4 51.5 92.6 | 85.4 19.0 27.3 70.7 | 96.2 47.2 52.3 91.4
hazelnut 99.2  86.4 80.2 929 | 99.6 939 86.8 96.5|98.9 819 76.2 92.7 | 98.0 82.9 76.2 959|986 758 70.1 91.2 | 962 78.9 73.6 95.7
leather 99.8 79.4 721 98.2| 992 774 71.2 97.9 | 99.8 75.5 69.8 98.0| 98.6 750 69.7 97.8 | 99.7 725 68.6 97.6 | 98.0 T73.4 69.1 97.5
metal nut | 99.7 98.4 93.6 93.2 | 99.6 98.0 92.9 93.1 | 99.5 97.8 92.7 91.7 | 994 977  92.9 91.3 | 99.2 96.7 91.5 89.1 | 99.3 96.0 90.2 92.0
pill 99.7 95.4 88.9 904 | 99.5  92.7 85.3 97.3 | 99.7 95.6 89.1 92.7 | 99.1 88.8 80.9 96.9 | 99.7 95.0 88.4 91.2 99.2 915 83.9 97.4
screw. 91.0 44.5 48.5 79.1 | 904 15.6 24.8 70.9 | 91.8 45.0 49.1 80.4 | 86.5 14.0 24.2 61.6 | 80.2 43.9 49.3 65.8 | 84.3 139 60.0
tile 99.5 949 87.4 96.0 | 99.6 96.1 89.2 97.1 | 994 946 87.2 95.3 | 99.5 95.3 88.1 96.2 | 99.1 922 83.6 95.2 | 99.4 94.7 96.4
toothbrush | 97.5 59.1 60.6 85.7 | 88.3 495 53.7 75.0 | 96.4 55.3 58.6 83.3 | 783 444 51.1 69.8 | 93.7 49.9 55.0 82.4 | 76.8 45.7 66.7
transistor | 99.6 93.7 86.4 93.5 | 994 918 86.3 94.4 | 99.3 91.8 84.7 89.3 | 98.8 86.9 83.2 92.7 | 99.1 91.2 84.4 92.7 99.1 88.9 93.6
wood 979 784 70.7 92.1 | 98.8 86.0 77.4 95.6 | 97.6 705 67.0 89.5 | 97.4 81.6 74.9 95.2 | 96.0 58.5 59.9 82.6 | 96.8 80.0 93.6
zipper 99.4 86.5 79.2 96.6 | 99.1 840 7.1 95.9 | 99.2 847 78.2 96.0 | 99.3 85.7 79.0 96.3]|99.0 83.6 76.3 95.8 | 97.0 79.0 93.4
Avg 97.7 T4.6 71.0 89.9 | 97.2 744 71.1 91.4 | 97.1 72.4 69.5 88.2 | 95.6 714 69.1 89.7 | 94.8 65.1 63.8 83.1 945 70.3 88.6
Table A.7: Results on pixel-level anomaly localization - First Column: baseline
test protocol, Second and Third column: proposed test protocol.
Object Unsupervised Suporvi:xl i
KDAD [23] CFLOW [17] DRAEM [31] SSPCAB [33] CFA [145] RD4AD [16] PatchCore [17] | DevNet [146] DRA [116] PRN [57] Dmﬁ:‘(“fli] Ours
bottle 94.7/50.5 98.8/49.9 99.1/88.5 98.9/88.6 98.9/50.9 98.8/51.0 97.6/75.0 96.7/67.9 91.7/41.5 99.4/92.3 99.3/94.1 98.8/88.6
cable 79.2/11.6 98.9/72.6 94.8/61.4 93.1/52.1 98.4/79.8 98.8/77.0 96.8/65.9 97.9/67.6 86.1/34.8  98.8/78.9 99.2/90.8 96.0/76.2
capsule 96.3/ 9.9 99.5/64.0 97.6/47.9 90.4/48.7 98.9/71.1 99.0/60.5 98.6/46.6 91.1/46.6 88.5/11.0 98.5/62.2 98.8/57.2 95.1/39.0
carpet 91.5/45.8 99.7/67.0 96.3/62.5 92.3/49.1 99.1/47.7 99.4/46.0 98.7/65.0 94.6/19.6 98.2/54.0  99.0/82.0 98.6/81.2 98.5/81.8
grid 89.0/ 7.6  99.1/87.8 99.5/53.2 99.6/582  98.6/829  98.0/75.4 97.2/23.6 00.2/449  86.2/28.6 98.4/457  98.3/52.9  98.6/49.5
hazelnut 95.0/34.2 97.9/67.2 99.5/88.1 99.6/94.5 98.5/80.2 94.2/57.2 97.6/55.2 76.9/46.8 88.8/20.3  99.7/93.8 99.8/96.5 99.6/93.2
leather ~ 98.2/26.7  99.2/91.1 08.8/68.5 97.2/60.3  96.2/60.9  96.6/53.5 98.9/43.4 043/662  97.2/51 99.7/69.7  99.8/79.6  99.2/77.4
metalnut 81.7/30.6 98.8/78.2 98.7/91.6 99.3/95.1 98.6/74.6 97.3/53.8 97.5/86.6 93.3/57.4 80.3/30.6  99.7/98.0 99.8/98.7 99.6/97.8
pill 90.1/23.1  98.9/60.3 97.7/44.8 96.5/48.1  98.8/67.9  98.4/58.1 97.0/75.9 98.9/79.9  79.6/22.1 99.5/91.3  99.8/97.0  99.5/92.7
screw 95.4/ 5.9 98.8/45.7 99.7/72.9 99.1/62.0 98.7/61.4 99.1/51.8 98.7/34.2 66.5/21.1 51.0/ 5.1  97.5/44.9 97.0/51.8 89.9/13.5
tile 78.6/267  98.0/86.7 99.4/96.4 99.2/96.3  98.6/92.6  97.4/78.2 94.9/56.0 88.7/63.9  91.0/544 99.6/965  99.2/93.9  99.5/95.6
toothbrush  95.6/20.0 99.1/56.9 97.3/49.2 97.5/38.9 98.4/61.7 99.0/63.1 97.6/37.1 96.3/52.4 745/ 4.8  99.6/78.1 99.1/76.5 90.0/53.5
transistor  76.0/25.9  98.8/40.6 92.2/56.0 85.3/365  98.6/829  99.6/50.3 91.8/66.7 55.2/ 44 79.3/11.2 98.4/85.6  99.3/92.6  99.4/92.2
wood 88.3/24.7 98.9/47.2 97.6/81.6 97.2/77.1 97.6/25.6 99.3/39.1 95.7/54.3 93.1/47.9 82.9/21.0 97.8/82.6 98.9/84.6 99.1/86.6
zipper  95.1/30.5  96.5/63.9 98.6/73.6 98.1/782  95.9/539  99.7/52.7 98.5/63.1 02.4/53.1  96.8/42.3 98.8/77.6  99.4/86.0  99.0/84.0
Average 89.6/24.9 98.7/65.3 97.7/69.0 96.2/65.5 98.3/66.3 98.3/57.8 97.1/56.6 86.4/49.3 84.8/25.7  99.0/78.6 99.1/81.4 97.4/74.8

Table

AS8:

Pixel-level anomaly localization

results (AUROC/AP).
simple U-Net trained on our generated dataset using best line test protocol.

"Ours' is a
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. Unsupervised Supervised
Object Anomaly
KDAD [23] CFLOW [17] DREAM [31] SSPCAB [33] CFA [115] RD4AD [16] PatchCore [17] | DevNet [117] DRA [116] PRN [57] Diffusion [ ] Ours

50.9 9.5 83.0 80.3 75.9 82.1 78.6 64.6 1.3 87.3

18.3 10.5 58.5 51.2 76.3 65.2 68.5 54.9 61.0 83.5

15.1 6.9 489 49.5 57.0 60.4 56.7 38.7 47.9 60.8

54.2 3.5 60.0 47.1 48.3 67.8 67.9 52.3 65.6 74.6

grid 10.9 3.2 56.3 58.4 32.2 59.9 49.1 429 58.9 54.6

hazelnut 37.5 3.9 80.6 88.9 61.4 70.0 68.1 22.4 68.2 90.6

leather 30.4 3.9 63.2 58.1 53.8 67.2 54.7 32.1 54.0 71.0

metalnut 34.2 30.7 84.4 87.8 87.1 77.0 86.0 65.2 87.1 94.0

pill 29.9 17.6 62.6 46.5 79.5 63.7 73.5 22.8 72.6 90.8

screw 83 0.9 66.9 63.8 37.8 58.7 47.2 14.8 49.8 50.9

tile 27.8 26.6 90.8 88.5 7.8 71.8 69.4 69.9 84.4 86.2

toothbursh 25.1 4.7 47.5 37.2 62.1 58.7 63.8 35.1 46.2 73.4

transistor 26.7 19.9 55.2 34.8 76.3 59.8 64.2 28.9 68.4 85.7

wood 25.2 10.0 75.1 68.7 48.6 61.3 60.3 51.9 67.4 74.5

zipper 26.8 4.5 68.2 73.7 65.8 69.4 70.0 45.6 73.7 79.2

average 28.1 10.4 66.7 62.3 61.4 66.2 65.2 ‘ 42.8 64.7 76.4

Table A.9: Pixel-level anomaly localization results (Fj-max). "Ours' is a simple
U-Net trained on our generated dataset using baseline test protocol.
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Figure A.1: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
bottle.
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Figure A.2: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
cable.
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Figure A.3: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by current AnomalyDiffusion [52] and our method
on capsule.
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Figure A.4: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
carpet.

Slile)




70

Thread

Metal
Contamination

Glue
Ad original training images and randomly

r 7 I LA

PR T2 I AL

Broken

Bent

Ours

sampled generated defect images by AnomalyDiffusion [52] and our method on

APPENDIX A. FEW SHOT ANOMALY GENERATION
grid.

Figure A.5: Examples of MVTec
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Figure A.6: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by current AnomalyDiffusion [52] and our method
on hazel nut.
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Figure A.7: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
leather.
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Figure A.8: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
metal nut.
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Figure A.9: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
pill.
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Figure A.10: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
SCrew.
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Figure A.11: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
tile.
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Figure A.12: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
toothbrush.
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Bent Lead Cut Lead Damaged Case  Misplaced

av B1AN

Jlgouy

Figure A.13: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
transistor.
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Figure A.14: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on
wood.
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Figure A.15: Examples of MVTec-Ad original training images and randomly
sampled generated defect images by AnomalyDiffusion [52] and our method on

zipper.
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Figure A.16: Illustration of generated images, where masks fall out of appropriate
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Appendix B

Novel View Syhthesis of
Handheld Objects

In this appendix, we provide additional details and results dealing with the creation
of our benchmark. We would like to highlight that if NVS-HO is accepted, the
benchmark will be publicly released along with the codebase created to implement
the baselines and compute the performance evaluation metrics, so as to permit
reproduction of our results and stimulate further research on the open challenges
set forth by our experimental investigation.

B.1 Additional details on the benchmark

In Table B.1, we present an icon image for each object from the HS images of our
benchmark. In Table B.2, we summarize detailed information for all 67 objects,
including HS and BS image counts, overlaps used for COLMAP’s sequential
matcher, and the prompts applied for Grounded SAM?2 [137].

As described in Section 6.2.2 of Chapter 6, our benchmark baselines are built
upon two pose estimation methods (COLMAP [135] and VGGT [96]) and two NVS
methods (Nerfacto and Splatfacto). In this section, we provide additional details
on the hyperparameters chosen for each method. These details are provided to
ensure reproducibility of our results.

Pose estimation. For COLMAP, we respect the sequential nature of the captured
images when building the database for feature extraction. In the sequential
matcher, the overlap parameter—which determines how many neighboring frames
are matched—is tuned individually for each object, as reported in Table B.2. We
enable guided feature matching to improve robustness, while quadratic overlap
is disabled to avoid unnecessary attempts to match frames that are temporally
distant. Camera intrinsics are set to the calibrated values obtained during
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dataset creation (see Section 6.1 of the Chapter 6) and are kept fixed during
pose estimation. All other hyperparameters in the feature extraction, sequential
matcher, and mapper stages remain at the default values provided by the
COLMAP repository.

Given that transformer-based attention layers impose high memory

requirements, the VGGT model is configured with parameters chosen to balance
performance and GPU memory constraints. We use NVIDIA RTX-3090 GPU
to perform inference on VGGT and to avoid out-of-memory issues, we cap the
maximum number of input images per sequence at 120. In cases where a sequence
exceeds this limit, we subsample images uniformly to preserve full viewpoint
coverage while respecting memory limits. Each image is resized to a resolution
of 812 x 812 pixels, which provides a good trade-off between preserving detail and
controlling computational cost. Given the high number of images in each sequence,
the number of query frames used in the VGGS{M tracker [96] (query_ frame num)
is set to 24 instead of 8, while the maximum number of query points per
frame (max_query pts) is kept to 4096. Bundle adjustment is enabled and
performed using the 2D-3D correspondences predicted by the VGGSfM tracker.
We discard the intrinsics predicted by the model, and instead inject our calibrated
intrinsics (adjusted for cropping, padding and resizing transformations) for bundle
adjustment.
Novel View Synthesis. For NVS, we train both Nerfacto [I12] and
Splatfacto [93] for each object for 30,000 steps. The background color is set to
random. We train the models with and without pose optimization. For Nerfacto,
we disable scene contraction, as our data is object-centric and does not require
the contraction used for large unbounded scenes. We also disable the appearance
embedding, since it leads to overfitting to the lighting conditions of the training
images and significantly degrades generalization of novel viewpoints. All other
hyperparameters for both Nerfacto and Splatfacto are kept at their defaults, as
provided by the Nerfstudio [112] implementation.

B.2 Additional quantitative and qualitative
results

Quantitative Results. We present the complete novel view synthesis (NVS)
results for all experiments, using both COLMAP and VGGT poses, and training
with Nerfacto as well as Splatfacto. Results are summarized in tables, where we
also report the variance across all frames for each object. The average performance
across all objects for each method is shown in Table B.3, where a v indicates that
poses were optimized. As shown in Table B.3, pose optimization does not yield
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a significant improvement in the evaluation metrics, likely because most of the
objects are texture-less.

We organize the tables by method and by whether pose optimization was
applied, as detailed below:

o« COLMAP + Nerfacto: results without pose optimization are shown
in Table B.4, and with pose optimization in Table B.5.

« COLMAP + Splatfacto: results without pose optimization are shown
in Table B.6, and with pose optimization in Table B.7.

« VGGT + Nerfacto: results without pose optimization are shown
in Table B.8, and with pose optimization in Table B.9.

« VGGT + Splatfacto: results without pose optimization are shown
in Table B.10, and with pose optimization in Table B.11.

Qualitative Results. In Table B.12 we provide additional qualitative NVS
results for five objects. These examples complement the quantitative results
provided in the Chapter 6, by illustrating common failure cases.

In particular, models trained with VGGT-initialized poses produce noticeably
noisier and less consistent renderings, often showing misalignment around object
boundaries. In contrast, COLMAP-initialized poses yield cleaner reconstructions
that align more closely with ground-truth viewpoints.
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Table B.1: NVS-HO: Icon image for each object using HS.
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Object|BS Images Count[HS Images Count|Overlap HS[Overlap CS]Grounded SAM2 Prompt
Ob01 96 128 2 2 Can.
0Ob02 88 115 7 7 Spray bottle.
0Ob03 81 136 10 10 Spray bottle.
Ob04 72 107 7 7 Toilet cleaner bottle.
Ob05 54 95 7 7 Cloths Detergent bottle.
Ob06 53 98 7 7 Vape spray bottle.
Ob07 86 130 7 7 bottle.
Ob08 93 90 1 3 horse.
0Ob09 101 104 1 1 can.
Ob10 110 128 1 1 bottle.
Obl1 87 160 4 5 Spray bottle.
Obl2 72 104 3 3 can.
Obl13 86 106 7 7 Detergent bottle.
Ob14 97 154 1 1 jar.

Obl5 84 90 1 1 can.
Obl6 80 99 7 7 bottle.
Obl17 66 126 2 2 bottle.
Obl18 85 105 7 7 bottle.
Ob19 83 125 2 2 spray bottle.
Ob20 75 134 2 2 bottle.
Ob21 70 98 2 2 bottle.
Ob22 108 147 7 7 car.
Ob23 113 168 15 15 car.
Ob24 93 88 7 7 Spray bottle.
Ob25 63 102 1 1 Spray bottle.
Ob26 101 102 1 1 can.
Ob27 93 151 7 8 can.
Ob28 75 84 7 7 jar.
Ob29 101 105 10 15 jar.
Ob30 63 121 1 1 Jar.
Ob31 96 108 1 1 packet.
0Ob32 65 111 5 5 bottle.
Ob33 72 100 7 7 bottle.
Ob34 57 130 3 3 bottle.
Ob35 i 92 7 5 Spray bottle.
0Ob36 80 119 7 7 Spray bottle.
Ob37 62 93 1 1 Packet.
Ob38 85 138 2 2 bottle.
Ob39 95 111 2 2 pringles bottle.
Ob40 197 116 1 2 giraffe.
Ob41 80 112 2 2 bottle.
Ob42 138 156 4 4 bottle.
Ob43 67 94 5 5 statue.
Ob44 66 82 7 7 tube.
Ob45 65 95 7 7 statue.
Ob46 83 132 7 7 animal.
Ob47 85 123 7 7 Toilet cleaner bottle.
Ob48 70 159 1 2 Spray bottle.
Ob49 76 144 7 7 Spray bottle.
Ob50 73 113 7 7 Statue.
Ob51 89 110 7 7 Spray botte.
Obb2 90 116 7 7 Statue.
Ob53 7 113 1 1 Packet.
Obb4 78 113 2 2 bottle.
Obbb 164 118 2 2 bottle.
Ob56 145 157 7 7 bottle.
Ob57 70 114 1 5 bottle.
Obb58 71 107 1 2 bottle.
Ob59 80 106 2 2 bottle.
Ob60 7 129 2 2 bottle.
Ob61 82 97 1 1 packet.
Ob62 121 124 15 25 toy.
Ob63 154 101 10 50 bottle.
Ob64 70 82 50 50 animal.
Ob65 79 113 2 2 bottle.
Ob66 57 95 4 3 bottle.
Ob67 85 107 2 3 bottle.

Table B.2: Benchmark statistics.
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Method

Pose Refined

PSNRTSSIM 7LPIPS | BG PSNR 1BG_SSIM 1 BG_LPIPS |

Nerfacto Colmap 14.4226 0.5685 0.3288 32.7239 0.9415 0.0782
Nerfacto COLMAP v 14.1311 0.5633 0.3506 32.9721 0.9404 0.0621
Splatfacto COLMAP 15.8101 0.6376 0.2654 36.8489 0.9951 0.0107
Splatfacto COLMAP v 15.7914 0.6369 0.2566 36.9005 0.9953 0.0106
Nerfacto VGGT 11.0757 0.4288 0.4937 27.6944 0.8949 0.1017
Nerfacto VGGT v 11.1785 0.4380 0.4873 28.8060 0.9142 0.0748
Splatfacto VGGT 13.0393 0.5809 0.4450 40.2241 0.9852 0.0197
Splatfacto VGGT v 12.9919 0.5796 0.4392 40.1761 0.9864 0.0190

Table B.3: NVS results. Each row reports the average performance across all
objects for the corresponding methods.
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PSNRT

SSIM T

LPIPS |

BG_PSNR T

BG_SSIM 1

BG_LPIPS |

Ob01

16.5956 & 0.9007

0.6131 £ 0.0572]

0.2323 £ 0.0253

37.0735 £ 2.6114

0.9629 £ 0.0082

0.0522 £ 0.0092

0Ob02

13.7039 & 1.2434

0.5972 £ 0.0620]

0.3770 £ 0.0594

22.9463 £ 2.2015

0.8840 £ 0.0498

0.1472 £ 0.0384

Ob03

13.2482 + 0.5131

0.6578 £ 0.0367|

0.3654 £ 0.0246

27.4496 + 2.3859

0.9183 £ 0.0167

0.1047 £+ 0.0147

Ob04

14.1864 + 1.1923

0.5689 £ 0.0573]

0.3684 £ 0.0604

25.3442 + 1.7675

0.9127 £ 0.0175

0.1211 £ 0.0205

Ob05

15.4129 £+ 1.3772

0.6748 £ 0.0505]

0.1851 £ 0.0238

35.4430 £ 3.1535

0.9772 £ 0.0085

0.0463 £ 0.0064

Ob06

16.8467 & 1.0122

0.6589 £ 0.0529

0.2319 £ 0.0332

35.6917 £ 2.7049

0.9350 £ 0.0245

0.0747 £ 0.0137

Ob07

18.1826 £ 1.0237

0.7343 £ 0.0259

0.2487 £ 0.0212

33.9074 £ 2.5909

0.9172 £ 0.0223

0.1002 £ 0.0198

Ob08

13.1973 £+ 1.3214

0.6803 £ 0.1011

0.3216 £ 0.0894

30.6394 £ 2.1149

0.9438 £+ 0.0134

0.0840 £ 0.0106

Ob09

17.2557 4+ 2.0808

0.5244 £ 0.0409)

0.2724 £ 0.0170

37.4428 + 2.5796

0.9494 + 0.0128

0.0573 £ 0.0081

Ob10

15.9220 + 1.4249

0.4050 £ 0.0674]

0.3494 + 0.0686

30.6546 + 1.3082

0.9097 £ 0.0180

0.0841 + 0.0108

Obl1

14.5084 £ 1.5428

0.5938 £ 0.0493]

0.4253 £ 0.0726

26.0034 + 2.1750

0.9312 £ 0.0148

0.0961 £ 0.0170

Ob12

10.1370 £ 0.9889

0.2676 £ 0.0311

0.5923 £ 0.0370

23.7632 + 2.4200

0.9265 £ 0.0120

0.0976 £ 0.0154

Obl13

12.4361 & 1.5567

0.6665 £ 0.0564

0.3715 £ 0.0937

23.6163 + 3.6898

0.9728 £ 0.0125

0.0681 £ 0.0195

Obl14

16.2819 & 1.7575

0.6578 £ 0.0372]

0.2314 £ 0.0338

33.4573 £ 1.8294

0.9470 £ 0.0109

0.0609 £ 0.0093

Obl5

14.2370 £+ 1.2820

0.4335 £ 0.0491

0.3200 £ 0.0263

35.1781 £ 3.0849

0.9241 £ 0.0191

0.0691 £ 0.0118

Obl6

13.3855 £ 0.7356

0.5485 £ 0.0458]

0.3216 £ 0.0312

27.1230 + 2.3720

0.9182 £ 0.0186

0.1325 £ 0.0200

Obl7

14.0846 £ 0.9827

0.6721 £ 0.0849)

0.2746 £ 0.0608

24.5655 + 2.2897

0.9508 £ 0.0127

0.0953 £ 0.0177

Obl18

16.5754 & 0.9189

0.6589 £ 0.0527]

0.2501 £ 0.0304

32.6490 £ 4.6867

0.9622 £ 0.0158

0.0652 £ 0.0157

ObI19

12.9425 £ 0.5185

0.5108 £ 0.0690]

0.2419 £ 0.0225

28.7351 £+ 2.0432

0.9474 £ 0.0172

0.0706 £ 0.0111

0b20

13.9817 4+ 0.7075

0.4389 + 0.0421

0.3882 £ 0.0410

31.8566 + 3.2596

0.9558 + 0.0124

0.0351 + 0.0040

Ob21

12.5937 £+ 0.6360

0.5796 £ 0.0702]

0.2380 £ 0.0256

32.4147 £ 3.9260

0.9631 £ 0.0165

0.0676 &+ 0.0165

Ob22

13.2484 4+ 1.0731

0.5027 £ 0.0660)

0.3303 £ 0.0687

39.3285 £ 3.9861

0.9847 £ 0.0048

0.0291 £ 0.0057

0Ob23

13.5656 & 0.4139

0.5723 £ 0.0458|

0.3472 £ 0.0558

35.6182 £ 2.0748

0.9106 £ 0.0261

0.0801 £ 0.0152

Ob24

15.3227 & 0.7083

0.4893 £ 0.0536]

0.2606 £ 0.0444

33.3320 £ 3.9150

0.9535 £ 0.0163

0.0674 £ 0.0163

Ob25

13.9865 & 0.7734

0.4338 £ 0.0724]

0.4656 £ 0.0647

30.4175 £ 1.5199

0.9792 £ 0.0087

0.0489 £ 0.0109

0Ob26

16.0637 & 1.1602

0.5497 £ 0.0508]

0.2817 £ 0.0262

38.1287 £ 3.1845

0.9426 + 0.0120

0.0479 £ 0.0082

Ob27

16.6788 £ 1.2893

0.5292 £ 0.0668|

0.3206 £ 0.0325

36.6111 £ 2.4121

0.9526 £ 0.0052

0.0590 £ 0.0062

Ob28

15.1572 £ 0.6345

0.5835 £ 0.0654]

0.3056 £ 0.0464

30.5975 £ 4.1497

0.9600 £ 0.0243

0.0646 £+ 0.0229

Ob29

14.3975 £+ 1.8761

0.1659 £ 0.0392]

0.4964 £ 0.0752

100.0000 £ 0.0000]

1.0000 £ 0.0000

0.0000 £ 0.0000

Ob30

14.0067 £ 0.8169

0.6969 £ 0.0380]

0.2128 £ 0.0301

32.2761 £ 1.7951

0.9293 £ 0.0274

0.0866 £ 0.0114

Ob31

13.5396 + 1.0634

0.4653 £ 0.1071

0.2245 £ 0.0501

35.7919 + 3.4711

0.9700 £ 0.0205

0.0492 + 0.0149

Ob32

16.9768 £ 0.8458

0.5190 £ 0.0591

0.3161 £ 0.0352

32.6667 £+ 3.8966

0.9340 £ 0.0331

0.0710 £ 0.0233

0Ob33

16.2956 + 1.3330

0.6077 £ 0.0979

0.1942 £ 0.0386

34.8231 £ 3.4159

0.9764 £ 0.0095

0.0516 £ 0.0094

Ob34

17.4435 £ 0.8581

0.6620 £ 0.0351

0.2874 £ 0.0232

31.3440 £ 1.4941

0.9395 £ 0.0134

0.0896 & 0.0102

Ob35

17.8795 & 1.4366

0.5657 £ 0.0978|

0.3037 £ 0.0184

37.4521 £ 2.5555

0.9263 £ 0.0194

0.0811 £ 0.0158

Ob36

14.2281 + 0.7180

0.5594 £ 0.1352]

0.2442 £ 0.0409

31.9264 + 2.1497

0.9651 £ 0.0121

0.0627 £ 0.0132

Ob37

15.3021 + 1.3211

0.5125 £ 0.1278]

0.2791 £ 0.0537

28.5956 + 2.8034

0.9399 £ 0.0175

0.1040 £ 0.0173

Ob38

15.7495 & 1.1850)

0.5526 £ 0.0805)

0.3637 £ 0.0551

28.4417 + 2.6826

0.9096 £ 0.0223

0.1405 £ 0.0305

Ob39

15.7619 £ 2.1574

0.6449 £ 0.0935]

0.1946 £ 0.0574

30.5416 £ 1.8728

0.9674 £ 0.0093

0.0611 £ 0.0060

Ob40

10.2096 £ 0.8615

0.6866 £ 0.0464]

0.1993 £ 0.0306

30.7762 £ 2.1925

0.9540 £ 0.0095

0.0588 £ 0.0097

Ob4l

13.8768 £ 1.0236

0.5800 £ 0.0904]

0.4868 £ 0.1494

24.5374 £ 1.8048

0.9617 £ 0.0136

0.0768 £ 0.0153

Ob42

14.6277 £+ 0.7471

0.6138 £ 0.0347|

0.3168 £ 0.0404

40.7178 £ 2.0842

0.9747 £ 0.0061

0.0301 + 0.0084

Ob43

16.0358 + 0.7746

0.5219 =+ 0.0347|

0.2597 £ 0.0256

30.8072 £ 1.6595

0.9615 £ 0.0153

0.0775 £ 0.0136

Ob44

14.6057 + 1.2601

0.5808 £ 0.0462]

0.2616 £ 0.0618

29.7173 + 4.2494

0.9597 £ 0.0308

0.0792 £ 0.0231

Ob4b

17.7646 + 1.6918

0.6029 £ 0.0550]

0.2289 £ 0.0322

37.6802 £ 1.8626

0.9719 £ 0.0097

0.0452 £ 0.0056

Ob46

11.0398 + 0.4202

0.5546 £ 0.0503]

0.3551 £ 0.0503

30.7100 £ 3.4584

0.9663 £ 0.0101

0.0416 £ 0.0092

Ob47

14.4533 + 1.3248

0.5521 £ 0.0826]

0.2175 £ 0.0593

30.3006 £ 2.7471

0.9606 £ 0.0257

0.0897 £ 0.0434

Ob48

10.3821 £ 0.6771

0.5621 £ 0.0569

0.5143 £ 0.0663

21.6239 + 3.4137

0.7979 £ 0.0901

0.2233 £ 0.1233

Ob49

16.2635 & 1.4786

0.7017 £ 0.0529

0.2181 £ 0.0397

25.1616 + 3.9327

0.9216 £ 0.0381

0.1243 £ 0.0330

Ob50

20.5167 £ 1.8335

0.6400 £ 0.0373]

0.2481 £ 0.0222

35.5328 £ 2.2535

0.9209 £ 0.0190

0.0751 £ 0.0130

Ob51

15.4773 £ 0.7790

0.6946 £ 0.0511

0.2270 £ 0.0413

25.7808 + 3.5258

0.9246 £ 0.0166

0.1388 £ 0.0231

Ob52

16.6015 £ 1.0765

0.6893 £ 0.0386]

0.3038 £ 0.0477

31.0831 £ 1.0391

0.9120 £ 0.0219

0.1048 £ 0.0198

Obb3

13.4366 + 1.0278

0.6034 £ 0.0376]

0.2912 £ 0.0321

35.7023 + 3.6809

0.9641 £ 0.0170

0.0522 + 0.0106

Obb4

12.8277 4+ 1.1685

0.6200 £ 0.0526]

0.3043 £ 0.0457

26.4563 + 2.4672

0.9570 £ 0.0183

0.0793 £ 0.0219

Ob55

2.7938 + 1.0605

0.2326 £ 0.0704]

0.7441 £ 0.0284

100.0000 £ 0.0000

1.0000 £ 0.0000

0.0000 £ 0.0000

Obb6

13.0775 & 1.4291

0.3954 £ 0.0667|

0.4229 £ 0.0337

35.9861 £ 3.7726

0.9896 + 0.0016

0.0237 £ 0.0037

Obb7

15.7637 & 0.5085

0.6846 £ 0.0562]

0.3035 £ 0.0459

27.4237 £ 1.8226

0.8981 £ 0.0203

0.1327 £ 0.0232

Ob58

16.4396 + 0.4212

0.5121 £ 0.0278|

0.2854 £ 0.0272

35.0303 £ 2.2821

0.9335 £ 0.0243

0.0556 & 0.0111

Ob59

12.3608 + 1.2451

0.5024 £ 0.0829

0.5733 £ 0.0755

20.4637 £ 3.1947

0.8719 £ 0.0361

0.1604 £ 0.0381

Ob60

11.6420 + 0.4864

0.6299 £ 0.0377]

0.4413 £ 0.0341

20.9947 + 1.3908

0.9388 £ 0.0238

0.0670 £ 0.0134

Ob61

15.0726 £+ 1.1297

0.5849 £ 0.0465)

0.3211 £ 0.0414

24.5630 + 2.6278

0.9284 £ 0.0187

0.1144 £ 0.0202

Ob62

11.5780 £ 1.3322

0.6214 £ 0.0358]

0.3874 £ 0.0482

29.8169 + 2.2624

0.9760 £ 0.0096

0.0327 £ 0.0096

Ob63

11.1363 £ 0.8045

0.5841 £ 0.0348]

0.4360 £ 0.0459

29.8183 + 2.4555

0.9769 £ 0.0040

0.0393 £ 0.0121

Ob64

20.1110 + 0.8882

0.7235 £ 0.0419)

0.2979 £ 0.0312

32.9267 + 1.9446

0.9341 £ 0.0109

0.0933 £ 0.0093

Ob65

15.3896 + 0.9469

0.6539 £ 0.0390)

0.2126 £ 0.0413

30.56124 + 2.2110

0.9766 + 0.0175

0.0507 £ 0.0248

Ob66

11.2471 £+ 0.8741

0.4934 £ 0.0738]

0.5419 £ 0.0633

21.3039 + 2.5495

0.8661 £ 0.0312

0.1125 £ 0.0308

Ob67

10.2641 £+ 1.0791

0.5110 £ 0.0306

0.5947 £ 0.0196

23.2279 + 3.5608

0.8320 £ 0.0588

0.1370 £ 0.0432

Average

14.4226

0.5685

0.3288

32.7239

0.9415

0.0782

Table B.4: NVS Results for Nerfacto with COLMAP-initialized poses and no pose

optimization.
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PSNRT

SSIM T

LPIPS |

BG_PSNR T

BG_SSIM 1

BG_LPIPS |

Ob01

16.5992 & 1.0305

0.6172 £ 0.0630]

0.2265 £ 0.0189

38.8860 £ 2.6261

0.9670 £ 0.0092

0.0363 £ 0.0054

0Ob02

14.0804 & 1.0347

0.6138 £ 0.0536]

0.3590 £ 0.0525

23.9900 + 1.6161

0.8676 & 0.0453

0.1256 £ 0.0235

Ob03

13.3263 £ 0.6028

0.6691 £ 0.0361

0.3738 £ 0.0249

26.9364 £ 2.5012

0.9086 £ 0.0212

0.0960 £ 0.0150

Ob04

14.9418 £ 0.7448

0.6018 £ 0.0545]

0.2764 £ 0.0553

27.5388 + 1.7984

0.9212 £ 0.0233

0.0884 £ 0.0175

Ob05

15.5098 £ 1.2067

0.6805 £ 0.0495)

0.1804 £ 0.0203

35.1326 £ 3.3313

0.9779 £ 0.0075

0.0404 £ 0.0061

Ob06

16.8899 £ 0.8757

0.6470 £ 0.0579)

0.2476 £ 0.0233

35.9691 £ 2.5898

0.9430 £ 0.0242

0.0538 £ 0.0099

Ob07

17.2910 £ 0.6866

0.7054 £ 0.0234]

0.2667 £ 0.0261

31.6000 £ 4.4115

0.9229 £ 0.0451

0.0616 £ 0.0279

Ob08

13.3891 £ 1.4420

0.7121 £ 0.0968|

0.3500 £ 0.0925

30.7727 £ 2.0981

0.9196 + 0.0159

0.0765 £ 0.0104

Ob09

9.9297 + 0.9666

0.1304 £ 0.0370]

0.7015 £ 0.0279

100.0000 £ 0.0000

1.0000 + 0.0000

0.0000 £ 0.0000

Ob10

16.2259 + 0.8114

0.4232 £ 0.0512]

0.3575 £ 0.0523

30.0709 £ 1.5912

0.9063 + 0.0188

0.0726 + 0.0110

Obl1

14.4980 4 1.9732

0.6133 £ 0.0507]

0.4229 £ 0.0963

25.7735 + 2.6843

0.9526 £ 0.0149

0.0631 £ 0.0085

Ob12

10.1370 & 0.9742

0.2750 £ 0.0311

0.5913 £ 0.0393

24.1850 + 2.4232

0.9337 £ 0.0128

0.0758 £ 0.0099

Obl13

12,1981 + 1.6971

0.6633 £ 0.0650]

0.3764 £ 0.0885

24.0259 + 3.6501

0.9683 £ 0.0102

0.0605 £ 0.0119

Obl14

16.1411 + 1.6909

0.6658 £ 0.0344]

0.2184 £ 0.0385

33.6878 £ 1.4050

0.9545 £ 0.0075

0.0486 £ 0.0042

Obl5

12.5917 & 0.9509

0.3325 £ 0.0249)

0.4190 £ 0.0593

31.9218 + 2.3230

0.9410 £ 0.0163

0.0556 £+ 0.0107

Obl6

13.7014 £ 0.7738

0.5722 £ 0.0469)

0.2816 £ 0.0293

29.6153 + 1.4177

0.9236 £ 0.0137

0.0973 £ 0.0111

Obl7

14.0811 £ 0.8821

0.6897 £ 0.0722]

0.3200 £ 0.0505

25.2360 + 3.3936

0.9630 £ 0.0177

0.0586 £ 0.0145

Obl18

16.2348 £ 0.8397

0.6147 £ 0.0708]

0.2610 £ 0.0294

34.6577 £ 4.1706

0.9635 £ 0.0150

0.0408 £ 0.0116

ObI19

13.1904 £ 0.6088

0.5229 £ 0.0626]

0.2597 £ 0.0305

31.3949 £ 1.6612

0.9460 £ 0.0141

0.0512 £ 0.0049

0b20

13.9932 + 0.7946

0.4544 + 0.0415)

0.4110 £ 0.0396

30.6398 + 4.9759

0.9542 £ 0.0350

0.0394 + 0.0391

Ob21

12.6491 £ 0.5584

0.5873 £ 0.0690)

0.2626 £ 0.0324

32.9154 £ 3.0687

0.9590 £ 0.0115

0.0451 £ 0.0071

Ob22

13.3032 £ 0.9234

0.5053 £ 0.0557]

0.3455 £ 0.0624

39.2900 £ 3.5040

0.9812 £ 0.0060

0.0299 £ 0.0061

0Ob23

13.9897 & 1.1323

0.6290 £ 0.0444]

0.3201 £ 0.0521

37.3841 £ 3.8089

0.9567 £ 0.0165

0.0368 £ 0.0053

Ob24

14.3700 £ 0.6926

0.4524 £ 0.0583]

0.3298 £ 0.0213

34.7694 + 2.2264

0.9467 £ 0.0145

0.0501 £ 0.0091

Ob25

13.8398 & 1.1170

0.4392 £ 0.0715]

0.4731 £ 0.0550

30.2745 £ 1.5246

0.9792 £ 0.0090

0.0358 £ 0.0056

0Ob26

15.9632 & 1.1169

0.5324 £ 0.0535)

0.2864 £ 0.0327

37.8714 £ 2.4973

0.9427 £ 0.0088

0.0385 £ 0.0054

Ob27

16.6488 £ 1.1955

0.5352 £ 0.0478|

0.2712 £ 0.0273

38.1080 £ 3.2844

0.9585 £ 0.0054

0.0419 £ 0.0065

Ob28

17.1165 + 1.1424

0.6197 £ 0.0781

0.3217 £ 0.0519

31.0637 £ 2.8052

0.9523 £ 0.0302

0.0489 £ 0.0164

Ob29

14.9736 £ 2.2294

0.3748 £ 0.1343]

0.5064 £ 0.0506

27.5663 + 2.6947

0.6890 £ 0.1626

0.1476 £ 0.0538

Ob30

14.0965 £ 0.9700

0.6549 £ 0.0714]

0.2266 £ 0.0237

33.5902 £ 2.1942

0.9396 £ 0.0219

0.0624 £ 0.0080

Ob31

13.7428 + 1.1419

0.4564 + 0.0913]

0.2378 £ 0.0522

36.9301 + 2.7703

0.9522 £ 0.0314

0.0457 £ 0.0064

Ob32

16.4980 + 1.2905

0.4759 £ 0.0504]

0.4167 £ 0.0319

28.7020 + 2.5986

0.9211 £ 0.0340

0.0567 £ 0.0129

0Ob33

16.3041 £ 1.2414

0.6235 £ 0.0848]

0.2056 £ 0.0394

36.1408 £ 3.8712

0.9800 £ 0.0096

0.0441 £ 0.0088

Ob34

17.8366 & 1.1773

0.7028 £ 0.0370]

0.2464 £ 0.0202

33.6116 £+ 1.8318

0.9648 £ 0.0081

0.0433 £ 0.0045

Ob35

16.7985 & 1.0185

0.5308 £ 0.0975)

0.3443 £ 0.0282

39.0971 £ 1.8969

0.9429 £ 0.0169

0.0482 £ 0.0094

Ob36

13.9137 & 0.7800

0.5653 £ 0.1138]

0.2750 £ 0.0385

30.8857 £ 2.6466

0.9719 £ 0.0115

0.0393 £ 0.0053

Ob37

15.6660 & 1.8159

0.5523 £ 0.0947]

0.2332 £ 0.0429

30.1649 + 2.2542

0.9432 £ 0.0133

0.0707 £ 0.0092

Ob38

15.4324 £+ 0.9227

0.5646 £ 0.0780]

0.3806 £ 0.0581

30.4754 £ 2.7354

0.9184 £ 0.0150

0.0821 £ 0.0159

Ob39

14.7184 £+ 1.2922

0.6167 £ 0.0583]

0.2009 £ 0.0424

31.9758 £ 3.6016

0.9636 £ 0.0086

0.0513 £ 0.0064

Ob40

10.0547 £ 1.0238

0.6963 £ 0.0603]

0.2099 £ 0.0352

31.1163 £ 2.6277

0.9641 £ 0.0109

0.0488 £ 0.0071

Ob4l

13.9500 £ 0.7784

0.6155 £ 0.0721

0.4413 £ 0.1077

25.3200 £ 2.0933

0.9653 £ 0.0109

0.0632 £ 0.0085

Ob42

14.7964 + 0.8260

0.5927 £ 0.0261

0.3394 £ 0.0523

37.3282 £ 2.6731

0.9729 £ 0.0071

0.0316 + 0.0069

Ob43

15.6741 4 0.6737

0.5099 £ 0.0264]

0.2683 £ 0.0252

31.2297 + 1.9697

0.9601 £ 0.0167

0.0627 £ 0.0088

Ob44

15.0523 + 1.0831

0.5952 £ 0.0501

0.2760 £ 0.0610

27.1351 + 4.0963

0.9346 £ 0.0213

0.0825 £ 0.0163

Ob4b

16.2111 + 1.3331

0.5553 £ 0.0464]

0.3155 £ 0.0180

34.6268 £ 2.2769

0.9619 £ 0.0125

0.0375 £ 0.0050

Ob46

11.1796 & 0.7163

0.5868 £ 0.0588|

0.3870 £ 0.0521

30.8595 £ 1.3612

0.9637 £ 0.0114

0.0410 £ 0.0089

Ob47

14.1547 + 2.0328

0.5638 £ 0.0785)

0.2730 £ 0.0974

29.1757 £ 2.5799

0.9688 £ 0.0121

0.0572 £ 0.0122

Ob48

9.8272 + 0.6365

0.5695 £ 0.0589)

0.5270 £ 0.0508

20.7469 £ 2.4337

0.8415 £ 0.0699

0.2096 £ 0.0904

Ob49

15.9557 & 1.6481

0.6957 £ 0.0641

0.1985 £ 0.0247

28.1446 + 2.4702

0.9421 £ 0.0297

0.0718 £ 0.0118

Ob50

20.8876 + 1.9520

0.6606 £ 0.0436]

0.2738 £ 0.0292

34.9999 £ 2.0979

0.8937 £ 0.0249

0.0866 &= 0.0123

Ob51

15.7411 £ 1.0936

0.7031 £ 0.0729)

0.2117 £ 0.0474

28.5702 + 2.0610

0.9426 £ 0.0137

0.0998 £ 0.0192

Ob52

15.9858 £ 0.8460

0.6714 £ 0.0401

0.3584 £ 0.0561

29.6734 + 2.3318

0.8893 £ 0.0277

0.0877 £ 0.0201

Obb3

12.7983 + 0.8879

0.5855 + 0.0633]

0.3721 £ 0.0318

38.1437 + 4.5153

0.9655 + 0.0123

0.0292 + 0.0082

Obb4

13.4389 + 1.1735

0.6446 + 0.0528]

0.3155 £ 0.0396

26.9014 + 2.2075

0.9526 + 0.0152

0.0554 + 0.0122

Ob55

8.6810 + 0.8368

0.4707 £ 0.0899

0.5540 £ 0.0364

32.0861 + 4.6148

0.9687 £ 0.0071

0.0373 £ 0.0074

Obb6

12.3733 £ 0.6699

0.3751 £ 0.0486

0.4692 £ 0.0251

35.7062 + 4.0166

0.9912 £ 0.0022

0.0200 £ 0.0035

Obb7

16.5078 & 0.5755

0.7137 £ 0.0575]

0.2823 £ 0.0442

30.3623 £ 1.8662

0.9164 £ 0.0151

0.0716 £ 0.0083

Ob58

10.4022 £ 0.9032

0.1574 £ 0.0309]

0.6065 £ 0.0369

100.0000 £ 0.0000

1.0000 & 0.0000

0.0000 £ 0.0000

Ob59

12.4620 + 1.2338

0.5258 £ 0.0866)

0.5517 £ 0.0773

22.1999 + 3.0984

0.9173 £ 0.0231

0.0984 £ 0.0242

Ob60

10.4857 + 1.3116

0.6126 £ 0.0475]

0.5178 £ 0.0621

18.0625 £ 3.4305

0.8908 £ 0.0763

0.0935 £ 0.0575

Ob61

14.9765 £ 1.0903

0.5813 £ 0.0406]

0.2695 £ 0.0322

29.4410 + 1.9612

0.9443 £ 0.0127

0.0654 £ 0.0074

Ob62

11.8853 £ 1.2600

0.6447 £ 0.0390]

0.4003 £ 0.0381

30.3483 £ 2.2787

0.9755 £ 0.0127

0.0244 £ 0.0065

Ob63

12.1424 £ 0.9430

0.6345 £ 0.0290]

0.3997 £ 0.0327

30.0790 £ 2.4098

0.9723 £ 0.0031

0.0347 £ 0.0103

Ob64

15.0763 £ 0.8425

0.4963 £ 0.0688|

0.4925 £ 0.0327

33.0838 £ 1.0676

0.8280 £ 0.0240

0.1589 + 0.0166

Ob65

15.0364 £+ 0.9995

0.6496 + 0.0401

0.2179 £ 0.0376

31.3611 £ 1.5654

0.9818 £ 0.0098

0.0352 £ 0.0067

Ob66

11.7368 + 1.1874

0.5384 £ 0.0391

0.5506 £ 0.0495

20.8369 + 1.9264

0.8985 £ 0.0200

0.1092 £ 0.0201

Ob67

6.4969 + 0.3899

0.4735 £ 0.0170]

0.6288 £ 0.0392

28.7444 + 2.8747

0.9062 £ 0.0327

0.0867 £ 0.0195

Average

14.1311

0.5633

0.3506

32.9721

0.9404

0.0621

Table B.5: NVS Results for Nerfacto with COLMAP-initialized poses and pose

optimization.
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PSNRT

SSIM §

LPIPS |

BG_PSNR T

BG_SSIM T

BG_LPIPS |

Ob01

18.2889 + 1.3123

0.6581 £ 0.0699

0.1884 4+ 0.0247

44.2930 £+ 2.9987

0.9985 £ 0.0004

0.0040 £ 0.0008

0Ob02

15.7618 + 1.7773

0.6732 £ 0.0649

0.2919 £ 0.0607

28.4662 £ 1.3422

0.9903 £ 0.0024

0.0238 & 0.0059

Ob03

14.8321 £ 0.5932

0.7183 £ 0.0343

0.3342 £ 0.0346

30.5217 £ 2.5332

0.9927 £ 0.0024

0.0152 £ 0.0042

Ob04

14.5645 + 1.0926

0.6138 £ 0.0651

0.3181 £ 0.0725

28.7304 + 2.6089

0.9928 4 0.0019

0.0169 &+ 0.0028

Ob05

15.9571 + 1.1825

0.7001 £ 0.0465

0.1533 £+ 0.0234

38.7232 £ 3.9928

0.9971 £ 0.0011

0.0081 4+ 0.0027

Ob06

16.9219 + 1.0109

0.6996 £ 0.0547

0.1994 £ 0.0289

43.6600 £ 2.8276

0.9982 £ 0.0005

0.0052 £+ 0.0014

Ob0o7

18.6613 £ 1.4258

0.7719 £ 0.0345

0.1901 £ 0.0289

41.2731 £ 2.5438

0.9979 £ 0.0007

0.0060 £ 0.0021

Ob08

17.2134 + 1.8402

0.7535 £+ 0.0791

0.2757 £ 0.0846

35.9280 £ 2.6649

0.9950 £ 0.0013

0.0092 £ 0.0022

Ob09

18.3966 + 2.2720

0.5983 £ 0.0471

0.2000 £ 0.0179

52.0694 + 4.0406

0.9996 £ 0.0003

0.0014 £ 0.0008

Ob10

16.9118 + 1.1390

0.4556 & 0.0687

0.2834 £ 0.0582[

.9407 £ 3.0096

0.9957 & 0.0013

0.0088 & 0.0023

Obll

15.9357 £ 1.5702

0.6610 £ 0.0533

0.3928 £ 0.0834

29.4342 + 2.1579

0.9893 £+ 0.0033

0.0264 & 0.0076

Ob12

12.3338 £ 0.9530

0.3683 £ 0.0348

0.5673 £ 0.0345

27.8906 £ 2.4910

0.9873 £ 0.0039

0.0204 £ 0.0048

Obl3

14.1948 + 1.4689

0.7217 £ 0.0553

0.3436 £ 0.0915

26.7737 £ 3.5670

0.9886 + 0.0046

0.0227 & 0.0075

Ob14

17.0737 £+ 2.0061

0.6728 £ 0.0380

0.1906 £ 0.0343

37.3496 £+ 1.6046

0.9968 £ 0.0006

0.0084 £+ 0.0011

Obl5

15.5694 + 1.3086

0.5016 £ 0.0562

0.2329 £ 0.0215

52.6519 + 8.0474]

0.9994 £ 0.0006

0.0019 & 0.0015

Obl16

15.0016 £ 0.9038

0.6041 £ 0.0516

0.2652 £ 0.0246

38.7998 £ 1.8836

0.9966 & 0.0008

0.0081 £+ 0.0016

Ob17

15.3802 £ 0.9394

0.7126 £+ 0.0741

0.2385 & 0.0521

30.7341 £ 2.6895

0.9939 £ 0.0009

0.0123 & 0.0015

Ob18

18.5930 + 1.7149

0.7516 £+ 0.0611

0.1996 £ 0.0233

44.6277 £+ 2.6558

0.9987 £ 0.0004

0.0040 £ 0.0011

Ob19

14.4490 + 0.5886

0.5534 £ 0.0770

0.2069 + 0.0167

33.3966 £+ 1.2790

0.9968 + 0.0005

0.0093 £ 0.0010

Ob20

16.1019 £ 1.0000

0.5042 £ 0.0507

0.3208 £ 0.0347

35.1582 £ 3.5517

0.9965 £ 0.0011

0.0071 £ 0.0019

Ob21

14.8235 + 1.0192

0.6551 £ 0.0856

0.2149 £ 0.0143

39.1036 £ 3.1878

0.9974 £ 0.0008

0.0067 &+ 0.0014

0Ob22

13.5990 £ 1.2906

0.5435 £ 0.0668

0.2803 4 0.0660

44.5855 + 5.3312

0.9986 & 0.0007

0.0035 4 0.0017

0Ob23

14.4731 + 1.1161

0.6475 £ 0.0493

0.2177 £ 0.0361

39.6708 £ 3.4198

0.9977 £ 0.0005

0.0056 &+ 0.0014

Ob24

16.1826 + 0.6621

0.5282 £ 0.0521

0.2222 4 0.0344

45.8961 £ 2.6527

0.9989 + 0.0004

0.0034 £ 0.0012

Ob25

15.1102 £ 0.9136

0.5215 £ 0.0744

0.4403 £ 0.0497

34.7708 £ 1.1267

0.9955 £ 0.0009

0.0114 & 0.0026

Ob26

17.4101 £ 1.3996

0.5918 £ 0.0530

0.2114 £ 0.0196

48.4479 £ 4.0208

0.9992 £ 0.0004

0.0024 £ 0.0012

Ob27

17.8139 &+ 1.6154

0.5737 & 0.0745

0.2570 & 0.0300

44.5000 £ 4.7640

0.9986 & 0.0008

0.0035 & 0.0016

0Ob28

16.6636 &+ 1.0656

0.6251 £ 0.0686

0.2500 £ 0.0365

36.3163 + 1.4982

0.9970 £ 0.0007

0.0065 &+ 0.0013

Ob29

15.4171 + 3.1964

0.5392 £ 0.1099

0.3751 £ 0.1379

33.7524 £ 4.8705

0.9887 4 0.0083

0.0194 &+ 0.0117

Ob30

15.5200 £ 0.9324

0.7440 £ 0.0399

0.1856 + 0.0208

38.8248 £ 2.7239

0.9969 £ 0.0008

0.0086 + 0.0018

Ob31

14.7297 + 1.4474

0.5023 £ 0.1139

0.1825 £ 0.0388

43.4611 £ 7.3334

0.9983 £ 0.0011

0.0048 £ 0.0024

0Ob32

17.7169 £ 0.9059

0.5976 £ 0.0628

0.2153 £ 0.0243

39.8898 £ 3.9008

0.9983 £ 0.0005

0.0045 £ 0.0011

Ob33

17.2793 £+ 2.2407

0.6466 £ 0.1058

0.1668 £ 0.0389

39.9387 £ 4.8379

0.9975 & 0.0012

0.0068 £+ 0.0026

Ob34

18.6274 + 1.0021

0.7087 £ 0.0387

0.2084 £+ 0.0209

33.1124 + 1.8714

0.9954 4+ 0.0007

0.0104 & 0.0012

Ob35

18.0349 + 1.2443

0.6048 £ 0.0886

0.2711 4 0.0256

51.6789 £ 3.6535

0.9993 £ 0.0004

0.0014 £ 0.0006

Ob36

14.6288 + 0.8893

0.5945 £ 0.1402

0.1947 £ 0.0327

35.4236 £ 2.2282

0.9963 £ 0.0008

0.0088 £ 0.0011

Ob37

16.2226 £+ 1.5377

0.5681 £ 0.1399

0.2099 £ 0.0658

36.1195 £ 4.5679

0.9960 £ 0.0021

0.0095 £ 0.0036

Ob38

16.5842 + 1.0331

0.6341 £ 0.0867

0.3135 & 0.0616

37.1973 £ 3.3644

0.9968 £+ 0.0013

0.0080 £ 0.0028

Ob39

15.9157 &+ 2.5212

0.6671 & 0.0984

0.1795 £ 0.0585

33.1081 £ 2.2007

0.9959 £ 0.0010

0.0120 & 0.0022

Ob40

10.8444 + 0.9596

0.7082 £ 0.0433

0.1776 & 0.0292

33.6304 £ 2.6771

0.9951 £ 0.0010

0.0127 & 0.0022

Ob41

14.8359 + 1.6517]

0.6683 £ 0.0677

0.4311 4 0.1256

25.0509 £ 2.9590

0.9859 £ 0.0081

0.0258 £ 0.0098

Ob42

15.3901 + 1.2877

0.6762 £ 0.0583

0.2087 £ 0.0266

45.2177 £ 4.1273

0.9989 £ 0.0005

0.0036 & 0.0014

Ob43

16.3691 + 0.7819

0.5565 £ 0.0334

0.2132 £ 0.0227

34.9357 £ 2.0664

0.9945 £ 0.0011

0.0127 £ 0.0022

Ob44

15.6955 £ 1.2593

0.6813 £ 0.0541

0.1641 £ 0.0206

31.9713 £ 2.8175

0.9941 £ 0.0061

0.0135 & 0.0081

Ob45

18.7475 + 2.1625

0.6418 £ 0.0473

0.2089 £ 0.0336

44.6144 + 2.4346

0.9982 4+ 0.0005

0.0040 £ 0.0008

Ob46

13.1379 £ 0.7889

0.5949 £ 0.0497

0.3183 £ 0.0442

38.0201 £ 3.4235

0.9980 £ 0.0006

0.0043 £ 0.0010

Ob47

14.8164 + 1.5044]

0.5905 £ 0.0857

0.1902 £ 0.0462

36.1440 £ 2.2869

0.9962 £ 0.0008

0.0096 & 0.0013

Ob48

15.8326 £+ 1.0092

0.7360 £ 0.0502

0.2172 £ 0.0367

27.3225 £ 1.5949

0.9904 £ 0.0019

0.0202 £ 0.0039

Ob49

16.4267 + 1.4571

0.7274 £ 0.0521

0.1515 4 0.0209

32.5193 £ 2.0624

0.9937 £ 0.0010

0.0157 & 0.0020

Ob50

20.4905 £ 1.5925

0.6870 £ 0.0362

0.2435 £+ 0.0225

48.7294 + 4.8102

0.9989 £ 0.0006

0.0021 & 0.0010

Ob51

16.2963 £ 0.9809

0.7338 £ 0.0548

0.1754 & 0.0395

35.1289 £ 1.7159

0.9953 4+ 0.0010

0.0141 & 0.0038

Ob52

16.7977 + 1.1159

0.7318 £ 0.0390

0.2569 £ 0.0489

37.9337 £ 1.4097

0.9955 £ 0.0011

0.0101 4 0.0021

Ob53

15.4455 + 1.4647

0.6685 £ 0.0461

0.2371 £ 0.0251

43.0745 £ 6.3377

0.9984 + 0.0011

0.0048 + 0.0027

Ob54

15.5677 = 1.8778

0.6923 £ 0.0571

0.2667 £ 0.0581

29.9789 £ 2.9103

0.9930 £ 0.0021

0.0137 & 0.0038

Ob55

10.3052 £ 1.3808

0.5436 £ 0.1248

0.2996 4 0.0848

34.2933 £ 5.2904

0.9967 & 0.0018

0.0090 £ 0.0032

Obb6

12.9184 + 0.9337

0.4400 £ 0.0383

0.3199 £ 0.0234

37.9158 + 4.1317

0.9977 & 0.0010

0.0054 & 0.0019

Ob57

17.0121 + 0.8124

0.7406 £ 0.0529

0.2524 & 0.0446

34.3122 £ 2.9763

0.9954 £ 0.0012

0.0115 & 0.0027

Ob58

17.7000 + 0.6544

0.6561 + 0.0264

0.2440 4+ 0.0209

48.8794 £ 4.6583

0.9992 £ 0.0003

0.0015 £ 0.0006

Ob59

14.5945 £+ 1.0350

0.6565 £ 0.0435

0.5291 £ 0.0800

27.0836 + 3.6819

0.9837 & 0.0076

0.0352 & 0.0139

Ob60

12.6551 £ 0.4206

0.6621 £ 0.0415

0.4186 £ 0.0209

23.7629 + 1.2198

0.9827 £ 0.0020

0.0294 £ 0.0034

Ob61

16.4072 £+ 1.3674

0.6427 £ 0.0446

0.2313 £ 0.0304

35.2833 £ 3.6860

0.9957 & 0.0013

0.0092 £+ 0.0021

Ob62

13.3733 £ 1.1567

0.6810 £ 0.0263

0.3598 & 0.0487

32.8746 £ 2.3083

0.9964 & 0.0007

0.0069 & 0.0011

0Ob63

12.8376 + 0.7928

0.6325 £ 0.0331

0.4158 £ 0.0287

32.3159 £ 2.4411

0.9956 £+ 0.0013

0.0098 £+ 0.0025

Ob64

20.2673 £ 1.5728

0.7776 £ 0.0376

0.2536 £ 0.0392

39.8519 £ 3.3824

0.9961 £ 0.0015

0.0074 £ 0.0029

Ob65

16.4662 + 0.9081

0.6866 + 0.0411

0.1806 + 0.0317

34.9664 £+ 1.8712

0.9960 £ 0.0006

0.0092 £ 0.0012

Ob66

15.0905 + 0.8704

0.6546 £ 0.0531

0.4253 £ 0.0523

25.9045 + 2.0547|

0.9854 £ 0.0042

0.0307 & 0.0064

Ob67

14.0585 + 1.1671

0.6652 £ 0.0505

0.4059 £ 0.0368

24.9427 + 3.2712

0.9838 & 0.0056

0.0293 & 0.0093

Average

15.8101

0.6376

0.2654

36.8489

0.9951

0.0107

Table B.6: NVS results for Splatfacto with COLMAP-initialized poses and no pose

optimization.
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PSNRT

SSIM §

LPIPS |

BG_PSNR T

BG_SSIM T

BG_LPIPS |

Ob01

18.1675 4 1.4447|

0.6525 £ 0.0778

0.1775 £ 0.0280

44.0161 + 2.7611

0.9986 + 0.0004

0.0042 £ 0.0010

0Ob02

15.5458 + 1.4987

0.6663 & 0.0610

0.2857 £ 0.0624

28.3758 £ 1.3375

0.9903 £ 0.0024

0.0242 £ 0.0062

Ob03

14.7817 £+ 0.5867

0.7185 £ 0.0373

0.3255 £ 0.0366

30.4751 £ 2.8492

0.9931 £ 0.0020

0.0145 £ 0.0042

Ob04

14.5628 + 0.9811

0.6146 & 0.0678

0.2930 £ 0.0749

28.7140 + 2.3425

0.9930 & 0.0015

0.0169 &+ 0.0024

Ob05

16.1960 4 1.1884

0.7024 £ 0.0648

0.1483 + 0.0259

38.6194 £ 3.6773

0.9971 & 0.0010

0.0081 & 0.0024

Ob06

16.7341 + 0.8520

0.6883 £ 0.0494

0.1861 £ 0.0253

43.7627 £+ 3.1245

0.9982 £ 0.0007

0.0053 £ 0.0018

Ob0o7

18.3536 + 1.2498

0.7387 £ 0.0377

0.1861 £ 0.0274

41.0164 £ 3.2751

0.9980 £ 0.0007

0.0060 £ 0.0021

Ob08

17.2011 + 1.8212

0.7532 £ 0.0788

0.2679 £ 0.0787

36.4620 £+ 2.7211

0.9954 £ 0.0012

0.0087 £ 0.0022

Ob09

18.2555 + 2.2535

0.5895 £ 0.0447

0.1908 £ 0.0219

49.4674 £ 3.6071

0.9994 £ 0.0003

0.0021 £ 0.0010

Ob10

16.8628 £ 1.0893

0.4541 £ 0.0672

0.2834 £ 0.0543:

9189 + 3.2747

0.9960 & 0.0012

0.0083 & 0.0025

Obll

15.9128 + 1.6490

0.6612 £ 0.0518

0.3929 £+ 0.0913

29.5342 £ 2.3969

0.9893 £ 0.0031

0.0255 4 0.0060

Ob12

12.2940 4+ 0.9594

0.3650 £ 0.0355

0.5671 £ 0.0350

27.7846 £ 2.4442

0.9869 £ 0.0040

0.0210 £ 0.0049

Obl3

14.0929 + 1.4755

0.7219 £ 0.0546

0.3471 £ 0.0927

26.6642 + 3.5378

0.9885 + 0.0046

0.0229 + 0.0075

Ob14

16.8178 + 1.8887

0.6684 £ 0.0368

0.1824 £ 0.0373

37.0923 £ 1.5449

0.9967 £ 0.0006

0.0091 £ 0.0012

Obl5

15.6290 + 1.3251

0.5090 £ 0.0631

0.2076 £ 0.0263

51.6111 + 6.7977|

0.9994 £ 0.0005

0.0020 £ 0.0016

Obl16

14.9834 £ 0.8515

0.5985 £ 0.0596

0.2454 £ 0.0244

37.9661 £ 1.1936

0.9963 & 0.0004

0.0090 & 0.0010

Ob17

15.4430 £ 0.9302

0.7117 £ 0.0732

0.2219 £ 0.0378

31.2204 £ 2.5855

0.9946 4+ 0.0010

0.0117 & 0.0018

Ob18

18.5567 £+ 1.7196

0.7385 £ 0.0742

0.1932 4 0.0245

45.1866 + 3.2146

0.9988 £ 0.0004

0.0038 £ 0.0013

Ob19

14.4489 + 0.6068

0.5485 £ 0.0756

0.2046 + 0.0176

33.4662 £+ 1.3191

0.9968 + 0.0005

0.0094 £ 0.0011

Ob20

15.9045 £+ 1.0125

0.4907 £ 0.0599

0.3158 £ 0.0325

34.8749 £ 3.5810

0.9965 £ 0.0010

0.0072 £ 0.0016

Ob21

14.7375 £ 0.9862

0.6709 £ 0.0766

0.2089 £ 0.0159

40.3661 £ 5.8145

0.9976 £ 0.0011

0.0058 £+ 0.0020

0Ob22

13.9812 + 1.4394

0.5626 £+ 0.0744

0.2731 £ 0.0648

44.9400 + 5.3226

0.9987 & 0.0007

0.0034 & 0.0016

0Ob23

15.0208 + 1.5355

0.6800 £ 0.0525

0.2058 £ 0.0374

41.1740 £ 3.5046

0.9980 £ 0.0005

0.0050 £ 0.0017

Ob24

16.1288 + 0.6531

0.5291 £ 0.0521

0.2193 £ 0.0304

46.0544 + 2.5092

0.9989 £ 0.0003

0.0033 £ 0.0011

Ob25

15.1739 £ 0.9338

0.5340 £ 0.0753

0.4372 £ 0.0443

34.9678 £ 1.2496

0.9957 £ 0.0009

0.0114 £ 0.0027

Ob26

17.2369 + 1.4341

0.5792 £ 0.0464

0.1965 & 0.0154

48.0521 £ 3.5059

0.9993 £ 0.0004

0.0024 £ 0.0010

Ob27

17.7440 £ 1.4433

0.5752 £ 0.0523

0.2071 £ 0.0225

44.5386 £ 5.9196

0.9986 & 0.0008

0.0037 & 0.0018

0Ob28

16.8643 + 1.2991

0.6178 £+ 0.0696

0.2497 £ 0.0367

35.3622 £+ 1.4021

0.9966 4+ 0.0007

0.0073 & 0.0013

Ob29

15.1300 + 3.3129

0.5318 £ 0.1104

0.3707 £ 0.1272

35.4220 £ 3.8615

0.9911 £ 0.0057

0.0161 £ 0.0091

Ob30

15.5224 £+ 1.0270

0.7370 £ 0.0576

0.1760 £ 0.0149

39.0245 £ 2.6303

0.9971 £ 0.0008

0.0084 £ 0.0020

Ob31

14.1965 + 0.9361

0.4556 £ 0.0679

0.1862 £ 0.0359

42.2728 £ 7.4079

0.9982 £ 0.0012

0.0052 £ 0.0026

0Ob32

18.1175 &+ 1.0584

0.6352 £ 0.0828

0.2086 & 0.0250

39.1204 £ 3.6752

0.9982 £ 0.0005

0.0050 & 0.0011

Ob33

17.3891 £ 2.5010

0.6554 & 0.1145

0.1631 £ 0.0470

40.2514 £ 5.4398

0.9975 & 0.0013

0.0068 & 0.0028

Ob34

18.7831 + 1.1415

0.7262 £ 0.0371

0.1786 & 0.0283

34.8272 £ 2.4216

0.9963 £+ 0.0006

0.0090 £ 0.0013

Ob35

17.9810 + 1.1653

0.6108 £ 0.0840

0.2624 4+ 0.0269

51.2424 + 3.7667

0.9993 £ 0.0004

0.0015 £ 0.0007

Ob36

14.7282 + 0.9301

0.5972 £ 0.1375

0.1650 + 0.0266

35.4876 £ 2.5048

0.9966 + 0.0008

0.0084 £+ 0.0009

Ob37

16.3621 £+ 1.6653

0.5757 £+ 0.1173

0.1726 £ 0.0452

35.0773 £ 3.9235

0.9956 £ 0.0019

0.0107 & 0.0034

Ob38

16.3160 + 1.1139

0.6252 £ 0.0892

0.3203 £ 0.0705

36.1080 £ 3.2062

0.9965 £+ 0.0012

0.0087 £ 0.0026

Ob39

16.0432 £ 2.5567

0.6813 £ 0.1057

0.1672 £ 0.0531

33.3895 £ 2.1457

0.9960 4+ 0.0009

0.0119 £ 0.0021

Ob40

11.0092 + 1.0614

0.7194 £ 0.0522

0.1675 £ 0.0330

34.1998 £ 2.6960

0.9956 £+ 0.0010

0.0121 4 0.0022

Ob41

15.0680 £ 1.5807

0.6701 £ 0.0696

0.4388 £ 0.1265

24.3987 £ 3.2247

0.9835 £ 0.0100

0.0277 4+ 0.0114

Ob42

15.5606 + 1.4137

0.6839 £ 0.0502

0.1965 £ 0.0197

44.7564 £ 4.7160

0.9989 £ 0.0005

0.0039 £ 0.0015

Ob43

16.1181 £ 0.5397

0.5445 £ 0.0248

0.2084 £ 0.0234

34.8318 £ 2.0846

0.9944 £ 0.0011

0.0130 £ 0.0020

Ob44

15.3603 £ 1.3204

0.6339 £ 0.0696

0.1682 £ 0.0215

31.9410 £+ 1.9879

0.9950 £ 0.0024

0.0126 & 0.0042

Ob45

18.5924 + 1.8989

0.6344 £ 0.0414

0.2018 4 0.0368

44.7109 £ 2.4112

0.9982 4+ 0.0005

0.0039 £ 0.0008

Ob46

13.2792 4+ 0.7944

0.5986 £ 0.0504

0.3186 & 0.0442

38.1387 £ 3.2988

0.9980 £ 0.0006

0.0043 £ 0.0010

Ob47

14.8212 4+ 1.5780

0.5972 £ 0.0877

0.1913 £ 0.0482

36.4298 £ 2.2926

0.9963 £ 0.0009

0.0095 & 0.0014

Ob48

16.0492 £+ 1.0304

0.7500 £ 0.0525

0.2018 £ 0.0406

27.7366 £ 1.6935

0.9912 £ 0.0016

0.0193 £ 0.0035

Ob49

16.2327 &+ 1.6436

0.7060 £ 0.0581

0.1402 £ 0.0240

32.8751 £ 2.0868

0.9937 £ 0.0010

0.0157 & 0.0025

Ob50

20.5944 + 1.7276

0.7032 £ 0.0447

0.2438 £ 0.0216

49.4655 £ 4.7383

0.9990 & 0.0006

0.0019 £ 0.0009

Ob51

16.4043 + 1.1792

0.7306 £ 0.0690

0.1687 4 0.0434

35.1274 + 1.3338

0.9956 4+ 0.0007

0.0135 & 0.0023

Ob52

16.7962 + 1.1756

0.7316 £ 0.0455

0.2500 £ 0.0528

37.6559 £ 1.1792

0.9952 £ 0.0011

0.0107 £ 0.0021

Ob53

15.5003 + 1.5141

0.6956 + 0.0684

0.2167 £ 0.0311

44.6147 £ 6.7467

0.9987 £+ 0.0009

0.0042 £+ 0.0023

Ob54

15.2304 £+ 1.2365

0.6875 £ 0.0515

0.2505 £ 0.0426

30.5184 £ 2.8702

0.9942 £ 0.0019

0.0119 £ 0.0034

Ob55

10.3312 £ 1.4245

0.5459 + 0.1327

0.2963 £ 0.0914

34.3431 £ 5.8527

0.9969 £ 0.0019

0.0092 £ 0.0034

Obb6

12.9672 £ 0.8520

0.4390 £ 0.0395

0.3187 & 0.0225

37.9037 £ 3.8655

0.9978 & 0.0009

0.0054 & 0.0018

Ob57

17.1984 + 0.8761

0.7443 £+ 0.0604

0.2253 £ 0.0342

34.2544 £ 2.0601

0.9954 £ 0.0008

0.0116 & 0.0019

Ob58

17.5984 £ 0.8008

0.6518 £ 0.0319

0.2403 £ 0.0206

49.9692 £ 4.5785

0.9992 £ 0.0004

0.0014 £ 0.0005

Ob59

14.5310 £+ 0.9796

0.6565 £ 0.0415

0.5269 £ 0.0760

27.0730 £ 3.5689

0.9841 £ 0.0071

0.0345 & 0.0128

Ob60

12.6604 £+ 0.4390

0.6641 £ 0.0411

0.4109 £ 0.0205

23.7853 £ 1.3690

0.9830 £ 0.0020

0.0294 £ 0.0035

Ob61

16.0800 £ 1.1982

0.6159 £ 0.0326

0.1948 4 0.0303

35.6395 £ 3.1369

0.9961 £ 0.0010

0.0089 £+ 0.0017

Ob62

13.3695 £ 1.0870

0.6822 £ 0.0259

0.3569 £+ 0.0492

32.9096 £ 2.2773

0.9965 & 0.0007

0.0068 4+ 0.0011

0Ob63

12.8400 + 0.6982

0.6401 £ 0.0287

0.4136 £ 0.0293

32.2459 £ 2.8164

0.9956 £+ 0.0014

0.0099 £ 0.0026

Ob64

20.6094 £ 1.7193

0.7821 £ 0.0450

0.2381 £ 0.0429

40.9637 £ 4.1246

0.9967 £ 0.0014

0.0063 £ 0.0026

Ob65

16.2744 £+ 1.0077

0.6807 £ 0.0405

0.1777 £ 0.0324

35.0115 £ 1.9339

0.9962 £ 0.0005

0.0089 £ 0.0010

Ob66

14.8357 &+ 0.9015

0.6497 £ 0.0552

0.4358 £ 0.0559

25.7764 £ 2.2485

0.9855 £ 0.0047

0.0304 & 0.0071

Ob67

13.9144 + 1.2840

0.6653 £ 0.0528

0.4029 £ 0.0420

25.1533 £ 3.2760

0.9842 & 0.0054

0.0294 & 0.0092

Average

15.7914

0.6369

0.2566

36.9005

0.9953

0.0106

Table B.7: NVS results for Splatfacto with COLMAP-initialized poses and pose

optimization.
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PSNRT

SSIM T

LPIPS |

BG_PSNR 1

BG_SSIM T

BG_LPIPS |

Ob01

13.3907 £ 0.7790

0.4283 £ 0.0654

0.4912 £ 0.0602

25.2960 £ 1.0714

0.9339 £ 0.0210]

0.0676 + 0.0145

ODb02

13.1115 + 1.2768

0.5777 £ 0.0636

0.3902 + 0.0624

23.2196 + 1.9034

0.8849 + 0.0640

0.1471 + 0.0294

ODb03

9.2294 + 1.2746

0.5543 + 0.0336

0.5197 + 0.0586

20.9229 + 1.9535

0.9126 + 0.0149

0.1153 + 0.0145

Ob04

13.1898 + 0.4934

0.5483 £ 0.0388

0.3846 + 0.0493

24.5132 + 1.1566

0.9211 + 0.0190

0.1151 £ 0.0227

Ob05

12.9433 £ 0.9608

0.5903 + 0.0412

0.3396 £ 0.0366

28.4805 + 0.8510

0.9629 + 0.0087

0.0746 £ 0.0085

Ob06

13.8001 £ 1.0115]

0.5167 £ 0.0366

0.4414 £ 0.0520

26.5204 £ 0.7208

0.9270 £ 0.0208

0.0939 £ 0.0181

Obo7

7.7348 £ 0.7650

0.2054 £ 0.0659

0.5773 £ 0.0479

38.0153 4+ 9.8928

0.9530 + 0.0532

0.2015 £ 0.0806

Ob08

14.5899 £ 1.0890)

0.7144 + 0.0693

0.2786 £ 0.0553

34.0969 + 2.4198

0.9251 + 0.0243

0.0820 £ 0.0117

ODb09

15.8209 + 1.4823

0.3979 + 0.0392

0.3294 + 0.0395

33.5910 + 1.2222

0.9502 + 0.0131

0.0626 + 0.0094

ObI0

9.1019 + 0.2470

0.1047 £ 0.0339

0.6904 + 0.0179

50.6827 + 16.4922

0.9785 + 0.0287

0.0426 £ 0.0577

ObIl

13.7033 + 1.5386

0.5793 £ 0.0441

0.4607 £ 0.0739

24.3812 + 1.5816

0.9458 £ 0.0095

0.0863 £ 0.0070

Obl12

11.6781 £ 1.3445)

0.3263 £ 0.0750

0.5519 + 0.1089

20.9661 + 7.0545

0.7803 + 0.3161

0.1337 £ 0.0994

Obl13

5.2956 £ 0.8997

0.2783 £ 0.0546

0.5795 £ 0.0383

24.7986 + 6.2008

0.8260 + 0.0888

0.1127 £ 0.0524

Ob14

15.8863 £ 1.4723]

0.6560 £ 0.0389

0.2409 £ 0.0327

31.8170 £ 1.9024

0.9488 + 0.0082

0.0688 £ 0.0095

Obls

13.8764 + 1.5273

0.3919 £ 0.0876

0.2967 £ 0.0506

33.3144 + 1.5746

0.9275 + 0.0154

0.0699 £ 0.0099

Ob16

11.1333 + 0.5659

0.4690 + 0.0575

0.4888 + 0.0422

27.4274 + 0.7804

0.9275 + 0.0177

0.1063 + 0.0146

Obl17

3.7822 £ 0.3932

0.2608 + 0.0545

0.6621 + 0.0465

20.5772 + 2.1017

0.8722 + 0.0836

0.0944 + 0.0374

ObI8

15.3449 + 0.8347]

0.5454 £ 0.0569

0.3474 £ 0.0385

27.2919 £+ 2.6579

0.9524 + 0.0162

0.0925 £ 0.0156

Ob19

10.8066 £ 0.8044

0.4110 £ 0.0511

0.5055 £ 0.0568

21.9574 £ 0.7729

0.9300 £ 0.0194

0.0951 £ 0.0202

0Ob20

13.5576 £ 0.8153

0.4164 £ 0.0314

0.3893 + 0.0289

28.7908 + 0.9855

0.9486 £ 0.0127]

0.0663 + 0.0083

Ob21

5.6755 £ 0.9884

0.2677 £ 0.0835

0.6962 + 0.0335

20.1883 + 1.7375

0.6766 + 0.0767

0.0658 £ 0.0218

Ob22

11.9254 + 1.1504

0.4630 + 0.0497

0.4733 £ 0.0509

29.8007 + 1.7863

0.9758 + 0.0060

0.0451 £ 0.0060

ODb23

13.4466 + 1.1422]

0.6005 + 0.0456

0.3051 + 0.0487

31.0118 + 1.4505

0.9729 + 0.0101

0.0446 + 0.0063

Ob24

15.6826 £ 1.1804]

0.4941 + 0.0560

0.2809 + 0.0417

33.2634 + 2.5517

0.9516 + 0.0145

0.0667 + 0.0108

Ob25

12.9032 £ 1.5566

0.4391 £ 0.0944

0.5340 £ 0.0561

27.7804 £+ 1.6059

0.9594 £ 0.0129

0.0489 £ 0.0092

Ob26

15.4987 £ 1.2737]

0.4919 + 0.0677

0.2501 £ 0.0263

34.3010 £ 2.5851

0.9439 £ 0.0108

0.0559 £ 0.0071

Ob27

5.8468 £ 0.5009

0.1307 £ 0.0169

0.7287 £ 0.0270

46.6284 £ 9.1214

0.9622 £ 0.0184]

0.0250 £ 0.0315

0Ob28

13.3032 £ 1.2383]

0.5367 £ 0.0824

0.3940 £ 0.0623

28.8698 £ 2.4489

0.9656 + 0.0150

0.0444 £ 0.0091

0Ob29

16.0678 + 1.5770

0.5545 £ 0.0803

0.4104 + 0.0547

26.4539 + 1.0746

0.8926 £ 0.0287]

0.1046 + 0.0160

ODb30

4.8579 £ 0.6715

0.1620 + 0.0168

0.7282 + 0.0511

21.4250 + 1.5146

0.9013 + 0.0505

0.1604 + 0.0634

Ob31

8.3332 £ 1.1868

0.2463 £ 0.0552

0.6511 + 0.0667

20.6753 + 1.7520

0.9003 + 0.0234

0.0892 £ 0.0133

Ob32

9.3317 £ 0.5644

0.1329 + 0.0256

0.6562 £ 0.0194]

30.8249 + 4.7844

0.9436 £ 0.0608

0.0765 £ 0.0639

Ob33

15.6454 £ 1.5343]

0.5443 £ 0.0818

0.3141 £ 0.0674]

29.7056 + 2.0160

0.9479 £ 0.0185

0.0829 £ 0.0222

Ob34

7.1448 £ 0.5709

0.1805 + 0.0352

0.6609 £ 0.0295

21.2796 £ 1.9826

0.7974 £ 0.0759

0.2659 £ 0.0905

Ob35

15.5269 £ 0.9125]

0.4393 + 0.0832

0.4946 + 0.0414

30.6967 & 1.3788

0.9085 + 0.0174

0.0886 £ 0.0151

ODb36

10.9100 + 0.7430

0.4693 + 0.0948

0.4465 + 0.0609

26.6147 + 1.0718

0.9477 £ 0.0171

0.0747 £ 0.0141

Ob37

6.2627 + 2.2077

0.2315 + 0.1096

0.7894 + 0.0352

13.2315 £ 3.2407

0.5453 + 0.2132

0.2801 + 0.1155

ODb38

14.8896 + 1.0169

0.5394 £ 0.0806

0.4077 £ 0.0918

27.0991 + 1.4326

0.9327 £ 0.0131

0.1082 £ 0.0140

Ob39

15.2014 + 1.9557]

0.6265 £ 0.0792

0.2372 + 0.0641

29.2155 + 1.4416

0.9555 + 0.0149

0.0691 + 0.0107

Ob40

9.8968 £ 1.0177

0.6782 £ 0.0470

0.2501 £ 0.0469

29.5034 + 1.6483

0.9574 £ 0.0110

0.0549 £ 0.0084

Ob41

10.4849 £ 2.4914]

0.5443 £+ 0.0806

0.5611 + 0.0630

18.0350 & 1.4194

0.8467 £ 0.0562

0.1342 £ 0.0330

Ob42

14.0230 £ 0.5162]

0.5671 + 0.0414

0.4070 £ 0.0313

34.8313 + 2.9730

0.9663 + 0.0074

0.0453 £ 0.0061

ODb43

14.9204 + 0.8153

0.5002 + 0.0275

0.2952 + 0.0301

31.6731 + 1.1837

0.9592 + 0.0113

0.0816 £ 0.0117

Ob44

6.0758 £ 1.7211

0.2625 + 0.1452

0.6230 + 0.0615

17.8532 £ 2.9917

0.9249 + 0.0210

0.1166 + 0.0155

Ob45

16.8146 £ 1.0919

0.5531 £ 0.0558

0.3252 £ 0.0270

32.6264 + 1.6496

0.9647 £ 0.0164

0.0607 £ 0.0099

Ob46

8.9837 + 1.1493

0.5331 + 0.0644

0.4978 £ 0.0486

27.0845 4+ 1.5839

0.9608 + 0.0107

0.0587 £ 0.0125

Ob47

13.7037 £+ 1.4281

0.5371 £ 0.0452

0.3003 £ 0.0486

28.1294 + 2.7300

0.9158 £ 0.0464

0.1437 £ 0.0645

Ob48

11.0240 £ 0.5975)

0.6063 £ 0.0472

0.5130 £ 0.0434

20.6040 £ 1.3175

0.7653 + 0.0481

0.2241 £ 0.0438

Ob49

13.2021 + 1.2700

0.6021 + 0.0444

0.3101 £ 0.0335

21.3700 + 2.3160

0.9070 + 0.0323

0.1300 £ 0.0258

ODb50

14.3558 £ 0.9355]

0.2049 + 0.0419

0.4685 + 0.0549

100.0000 £ 0.0000

1.0000 £ 0.0000]

0.0000 £ 0.0000

ODb51

9.2677 £ 1.3254

0.5888 + 0.0541

0.6716 + 0.0495

18.7372 £ 1.5653

0.4224 + 0.0256

0.1420 + 0.0332

Ob52

14.8268 £ 0.4993

0.6336 £ 0.0241

0.3920 £ 0.0226

29.5665 + 2.4498

0.9154 + 0.0236

0.0982 £ 0.0221

Ob53

12.2294 £ 0.8320)

0.5215 £ 0.0879

0.3745 £ 0.0673

29.3403 + 2.8616

0.9587 £ 0.0178

0.0730 £ 0.0151

Obb4

5.9990 + 1.9297

0.2944 £ 0.1116

0.6525 £ 0.0481

17.1006 £ 3.1002

0.8037 £ 0.0585

0.1291 £ 0.0321

Ob55

2.8262 + 1.0793

0.2337 £ 0.0712

0.7429 + 0.0258

25.7994 £ 4.6722

0.9392 + 0.0438

0.0762 + 0.0494

Ob56

9.1814 + 1.2024

0.1843 £ 0.0905

0.6680 + 0.0376

20.9933 + 3.2537

0.7271 + 0.1583

0.1671 £ 0.0677

Ob57

7.8436 £ 0.5050

0.2405 + 0.0506

0.7156 + 0.0571

20.4132 + 3.1097

0.8099 + 0.1054

0.2859 + 0.1428

ODb58

10.5210 £ 1.0324]

0.1650 £ 0.0441

0.6141 + 0.0428

35.6928 + 8.1763

0.9457 + 0.0567

0.0872 £ 0.0829

Ob59

12.1177 £ 1.5430]

0.5000 £ 0.0934

0.5910 £ 0.0693

21.2086 + 2.8004

0.8815 £ 0.0249]

0.1468 £ 0.0306

Ob60

5.6781 £ 2.5424

0.3644 + 0.1218

0.6128 £ 0.0499

13.2446 £ 4.6837

0.8043 + 0.0848

0.1108 £ 0.0454

Ob61

4.9584 £ 0.7123

0.2208 £ 0.0692

0.7363 £ 0.0401

16.8515 £ 1.7904

0.6844 + 0.0749

0.1895 £ 0.0231

Ob62

8.5265 £ 1.2103

0.5201 £ 0.0552

0.5656 £ 0.0670

25.6148 + 2.5441

0.9748 £ 0.0096]

0.0249 + 0.0044

ODb63

4.9887 £ 0.4122

0.3374 £ 0.0589

0.6570 + 0.0254

25.1478 + 8.8056

0.9124 + 0.0393

0.0521 + 0.0231

Ob64

20.6675 + 1.1112

0.7374 £ 0.0410

0.2631 + 0.0245

33.7425 + 1.6553

0.9372 £ 0.0130

0.0880 + 0.0136

ODb65

5.1792 £ 0.4541

0.2226 + 0.0326

0.6384 £ 0.0233

28.8365 + 1.2300

0.9222 + 0.0336

0.0338 £ 0.0262

Ob66

6.6946 + 0.5318

0.2688 + 0.0366

0.6912 + 0.0361

17.8507 & 1.1927

0.7255 + 0.0541

0.2191 £ 0.0397

Ob67

10.6506 £ 1.5622]

0.5841 £+ 0.0460

0.5158 £ 0.0623

17.9489 + 0.9004

0.9346 + 0.0189

0.1125 £ 0.0251

Average|

11.0757

0.4288

0.4937

27.6944

0.8949

0.1017

Table B.8: NVS results for Nerfacto with VGGT-initialized poses and no pose

optimization.
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PSNRT

SSIM T

LPIPS |

BG_PSNR T

BG_SSIM 1

BG_LPIPS |

Ob01

13.3328 £ 0.9608

0.4338 £ 0.0624]

0.4988 £ 0.0690

25.1140 + 1.2429

0.9575 £ 0.0093

0.0431 £ 0.0055

0Ob02

13.2844 + 1.3277

0.5900 £ 0.0630]

0.3745 £ 0.0687

24.3444 £ 1.2947

0.8949 £ 0.0590

0.1035 £ 0.0224

Ob03

9.4396 £ 1.4139

0.5783 £ 0.0375]

0.5173 £ 0.0634

20.6895 + 1.7558

0.9090 £ 0.0135

0.0904 £ 0.0092

Ob04

12.6723 £ 0.8604

0.5395 £ 0.0460]

0.4234 £ 0.0306

23.8612 + 1.3745

0.9249 £ 0.0212

0.0831 £ 0.0174

Ob05

13.2641 £ 0.8083

0.6031 £ 0.0399

0.3063 £ 0.0467

28.1994 + 1.1604

0.9757 £ 0.0087

0.0472 £ 0.0041

Ob06

13.7876 £ 0.9406

0.5310 £ 0.0343]

0.4260 £ 0.0471

26.3262 + 0.7930

0.9375 £ 0.0202

0.0560 £+ 0.0093

Ob07

7.7287 £ 0.7562

0.2032 £ 0.0646]

0.5767 £ 0.0412

47.9037 £ 16.7024

0.9782 £ 0.0389

0.0400 £ 0.0695

Ob08

15.2519 + 1.2010

0.7320 £ 0.0688]

0.2553 £ 0.0446

35.6457 £ 1.7829

0.9303 £ 0.0195

0.0692 £ 0.0098

Ob09

15.4237 + 1.3176

0.3894 £ 0.0471

0.3366 + 0.0419

35.6909 + 1.2143

0.9570 £ 0.0104

0.0426 + 0.0052

Ob10

9.1099 + 0.2295

0.1050 £ 0.0337|

0.6818 £ 0.0139

56.4395 + 24.2383]

0.9853 £ 0.0200

0.0298 + 0.0409

Obl1

13.6817 4 1.6120

0.5900 £ 0.0419)

0.4615 £ 0.0798

24.4269 + 1.6838

0.9561 £ 0.0072

0.0651 £ 0.0069

Ob12

11.5565 & 1.4026

0.3065 £ 0.0503]

0.5204 £ 0.0718

25.2824 + 1.6279

0.9430 £ 0.0089

0.0712 £ 0.0079

Obl13

5.2896 + 0.8607

0.2778 £ 0.0489

0.5775 £ 0.0384

23.2381 + 6.0369

0.8152 £ 0.0854

0.1053 £ 0.0396

Obl14

15.8060 & 1.7802

0.6636 £ 0.0310]

0.2143 £ 0.0523

30.7762 £ 3.5569

0.9438 £ 0.0109

0.0544 £ 0.0110

Obl5

13.3033 & 1.1576

0.3721 £ 0.0442]

0.3049 £ 0.0402

33.1393 £ 0.8386

0.9408 £ 0.0132

0.0531 £ 0.0079

Obl6

11.3132 £ 0.6195

0.4806 £ 0.0582]

0.4639 £ 0.0440

28.0469 + 0.6691

0.9322 £ 0.0151

0.0769 £ 0.0082

Obl7

3.8113 + 0.4327

0.2620 £ 0.0554]

0.6616 £ 0.0476

19.6287 £+ 1.4764

0.8673 £ 0.0733

0.1069 £ 0.0440

Obl18

15.5035 £ 0.8895

0.5728 £ 0.0512]

0.3472 £ 0.0477

28.8000 + 3.1115

0.9575 £ 0.0170

0.0584 £ 0.0122

ObI19

10.6481 £ 1.0201

0.4286 £ 0.0387]

0.5191 £ 0.0466

21.4654 + 0.8769

0.9304 £ 0.0227

0.0582 £ 0.0088

0b20

13.8632 + 0.8605

0.4286 + 0.0333]

0.3911 £ 0.0336

28.7201 + 0.9405

0.9579 £ 0.0131

0.0347 £ 0.0037

Ob21

6.1337 + 1.8683

0.2543 £ 0.1541

0.6821 £ 0.0351

14.0143 + 2.0827

0.8373 £ 0.0760

0.1044 £ 0.0447

Ob22

12.5281 4 1.3877

0.4833 £ 0.0512]

0.4446 £ 0.0504

30.2512 £ 2.0072

0.9728 £ 0.0085

0.0398 £ 0.0060

0Ob23

13.2506 & 1.4719

0.5947 £ 0.0418|

0.3151 £ 0.0488

30.0607 £ 1.8393

0.9606 £ 0.0118

0.0438 £ 0.0052

Ob24

15.7246 & 1.6063

0.4871 £ 0.0692]

0.2728 £ 0.0434

33.3389 £ 1.5466

0.9383 £ 0.0172

0.0505 £ 0.0092

Ob25

12.9802 & 1.5267

0.4454 £ 0.0895)

0.5378 £ 0.0552

27.3894 + 1.5861

0.9549 £ 0.0156

0.0401 £ 0.0048

0Ob26

15.4358 + 1.1151

0.4776 £ 0.0491

0.2448 £ 0.0186

35.9656 + 1.8294

0.9492 £ 0.0076

0.0405 £ 0.0038

Ob27

5.8431 £ 0.4999

0.1304 £ 0.0167|

0.7371 £ 0.0246

47.3562 £ 9.3753

0.9715 £ 0.0099

0.0093 £ 0.0110

Ob28

13.7375 £ 1.2858

0.5608 £ 0.0810]

0.3845 £ 0.0604

29.0170 + 2.0728

0.9668 £ 0.0120

0.0352 £ 0.0057

Ob29

16.1214 £ 1.6366

0.5587 £ 0.0828]

0.4081 £ 0.0507

27.0831 + 0.9297

0.8854 £ 0.0292

0.0859 £ 0.0107

Ob30

4.8264 £ 0.6099

0.1590 £ 0.0166]

0.7272 £ 0.0295

32.6887 £ 1.9413

0.9197 £ 0.0347

0.0717 £ 0.0235

Ob31

8.5034 + 1.3101

0.2622 £ 0.0617|

0.6534 £ 0.0680

20.4866 + 1.7540

0.9294 + 0.0178

0.0666 + 0.0125

Ob32

9.3047 + 0.5933

0.1273 £ 0.0161

0.6617 £ 0.0222

100.0000 £ 0.0000

1.0000 + 0.0000

0.0000 £ 0.0000

0Ob33

15.8107 & 1.5038

0.5522 £ 0.0829

0.2813 £ 0.0675

29.9907 + 1.9950

0.9729 £ 0.0117

0.0475 £ 0.0083

Ob34

7.0133 £ 0.5065

0.1701 £ 0.0323]

0.6408 £ 0.0246

48.0701 £ 2.7572

0.9841 £ 0.0115

0.0122 £ 0.0071

Ob35

15.7351 & 0.9382

0.4591 £ 0.0826]

0.4921 £ 0.0396

30.7274 £ 1.0668

0.9289 £ 0.0159

0.0597 £ 0.0106

Ob36

10.9256 £ 0.8079

0.4708 £ 0.1128]

0.4404 £ 0.0631

26.2716 £ 1.3084

0.9665 £ 0.0104

0.0436 £ 0.0057

Ob37

6.2223 £ 1.7298

0.2307 £ 0.0911

0.7806 £ 0.0288

11.8048 £ 3.3607

0.5955 £ 0.1932

0.2923 £ 0.1400

Ob38

15.0528 £ 0.9421

0.5473 £ 0.0841

0.3900 £ 0.0923

28.2866 + 1.5921

0.9365 £ 0.0127

0.0645 £+ 0.0094

Ob39

14.8101 £ 1.1358

0.6223 £ 0.0486]

0.1976 £ 0.0338

31.9109 £ 2.9985

0.9601 £ 0.0115

0.0492 £ 0.0053

Ob40

10.1389 £ 1.1064

0.6793 £ 0.0508]

0.2327 £ 0.0429

29.6910 + 1.7212

0.9616 £ 0.0181

0.0484 £ 0.0071

Ob4l

9.9770 £ 2.5777

0.5428 £ 0.0802]

0.5705 £ 0.0509

17.4122 £ 1.3854

0.8627 £ 0.0501

0.1128 £ 0.0305

Ob42

13.5804 + 0.8056

0.5837 £ 0.0458]

0.4349 + 0.0512

34.3431 + 3.2318

0.9684 + 0.0063

0.0321 £ 0.0068

Ob43

15.1696 + 1.4151

0.5197 £ 0.0460)

0.2856 £ 0.0374

31.7653 £ 1.9535

0.9617 £ 0.0129

0.0579 £ 0.0068

Ob44

6.2461 + 1.9087

0.2724 £ 0.1501

0.6474 £ 0.0396

17.6971 + 2.8430

0.8702 £ 0.0467

0.1539 £ 0.0263

Ob4b

17.1361 + 1.1211

0.5662 £ 0.0503]

0.3188 £ 0.0264

32.8465 £ 0.9624

0.9618 £ 0.0160

0.0413 £ 0.0033

Ob46

9.2709 + 1.3593

0.5566 £ 0.0696]

0.5277 £ 0.0487

27.5117 £ 1.7859

0.9594 £ 0.0068

0.0419 £ 0.0077

Ob47

12.8865 + 1.3721

0.5276 £ 0.0476]

0.3023 £ 0.0442

29.9381 + 2.5816

0.9422 £ 0.0216

0.0761 £ 0.0164

Ob48

11.0376 & 0.6056

0.6020 £ 0.0512]

0.4923 £ 0.0359

20.5710 £ 1.4279

0.7691 £ 0.0535

0.2171 £ 0.0478

Ob49

13.8377 & 1.7150

0.6273 £ 0.0572]

0.2535 £ 0.0377

23.7410 + 1.5114

0.9472 £ 0.0247

0.0727 £ 0.0136

Ob50

20.6179 + 1.9631

0.6586 £ 0.0392]

0.3068 £ 0.0258

32.1612 £ 2.1697

0.8745 £ 0.0367

0.0720 £ 0.0109

Ob51

9.4320 £ 2.2909

0.5469 £ 0.1433]

0.6692 £ 0.0510

10.2306 £ 2.9441

0.5848 £ 0.2053

0.2665 £ 0.0875

Ob52

14.8963 £ 0.6049

0.6453 £ 0.0267]

0.3762 £ 0.0249

30.2735 £ 2.5033

0.9202 £ 0.0222

0.0776 £ 0.0159

Obb3

12.4095 + 0.8980

0.5389 =+ 0.0898]

0.3961 £ 0.0756

28.6853 + 3.3349

0.9628 + 0.0163

0.0441 + 0.0104

Obb4

5.9704 + 2.0557

0.2918 £ 0.1206]

0.6485 £ 0.0450

17.7503 + 3.7282

0.8590 £ 0.0416

0.0988 + 0.0266

Ob55

2.8015 + 1.0650

0.2331 £ 0.0707]

0.7438 £ 0.0283

45.8635 £ 9.1769

0.9818 £ 0.0166

0.0128 £ 0.0082

Obb6

8.5351 + 0.5048

0.1187 £ 0.0497|

0.6654 £ 0.0320

23.0280 + 4.4261

0.8594 £ 0.0650

0.1105 £ 0.0529

Obb7

8.0116 £ 0.8525

0.2578 £ 0.0798]

0.6416 £ 0.0581

19.5067 & 2.2531

0.8865 £ 0.0658

0.1187 £ 0.0496

Ob58

10.4755 & 0.9608

0.1633 £ 0.0420]

0.6053 £ 0.0372

35.4474 £+ 10.7454

0.9731 £ 0.0268

0.0379 £ 0.0347

Ob59

12.0231 + 1.6318

0.5010 £ 0.0968|

0.5883 £ 0.0760

21.2800 + 2.8725

0.9121 £ 0.0276

0.1007 £ 0.0254

Ob60

5.6923 £ 2.5698

0.3777 £ 0.1354]

0.6127 £ 0.0458

13.4825 + 4.7254

0.7983 £ 0.0968

0.0958 £ 0.0356

Ob61

4.9190 £+ 0.7193

0.2162 £ 0.0739)

0.7327 £ 0.0436

17.4658 £ 3.2613

0.7750 £ 0.0566

0.1569 £ 0.0219

Ob62

8.4948 + 1.2231

0.5215 £ 0.0569)

0.5830 £ 0.0624

25.6152 + 2.5869

0.9760 £ 0.0092

0.0235 £ 0.0039

Ob63

4.9833 £ 0.3957

0.3388 £ 0.0560)

0.6542 £ 0.0237

24.4214 + 8.8193

0.9120 £ 0.0351

0.0608 £ 0.0192

Ob64

20.8978 + 0.8811

0.7455 £ 0.0324]

0.2622 £ 0.0208

34.0652 £ 2.2946

0.9289 £ 0.0140

0.0792 £ 0.0105

Ob65

5.1858 + 0.4461

0.2238 £ 0.0314]

0.6387 £ 0.0227

26.9446 + 1.2282

0.8964 £ 0.0524

0.0581 £ 0.0283

Ob66

6.8380 + 0.5350

0.2760 £ 0.0385)

0.6767 £ 0.0325

17.1519 + 1.3108

0.8072 £ 0.0254

0.1560 £ 0.0272

Ob67

9.4669 + 1.3632

0.5298 £ 0.0351

0.6333 £ 0.0351

18.6621 + 1.1197

0.8134 £ 0.0409

0.1445 £ 0.0302

Average

11.1785

0.4380

0.4873

28.8060

0.9142

0.0748

Table B.9:

optimization.

NVS results for Nerfacto with VGGT-initialized poses and pose
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PSNRT

SSIM 1

LPIPS |

BG_PSNR T

BG_SSIM 1

BG_LPIPS |

Ob01

15.5654 & 0.6413

0.5046 £ 0.0715]

0.4609 £ 0.0597

27.8891 + 0.9728

0.9904 £ 0.0019

0.0157 £ 0.0026

0Ob02

15.2544 & 1.3689

0.6571 £ 0.0579

0.3100 £ 0.0597

28.6144 + 1.2103

0.9891 £ 0.0019

0.0250 £ 0.0052

Ob03

11.3083 & 1.5303

0.6724 £ 0.0381

0.4927 £ 0.0576

23.6596 + 2.0057

0.9836 £ 0.0042

0.0286 £ 0.0046

Ob04

14.1630 & 1.5372

0.6029 £ 0.0635)

0.3468 £ 0.0568

27.5938 + 1.2703

0.9908 £ 0.0012

0.0199 £ 0.0020

Ob05

13.6550 £ 0.9808

0.6312 £ 0.0447|

0.3058 £ 0.0410

30.6709 £ 1.1033

0.9927 £ 0.0007

0.0170 £ 0.0021

Ob06

14.2696 £ 0.9756

0.5676 £ 0.0370]

0.4332 £ 0.0546

29.5690 + 0.8367

0.9922 £ 0.0012

0.0178 £ 0.0024

Ob07

11.0110 £ 0.9034

0.6652 £ 0.0279)

0.5351 £ 0.0447

86.6449 + 28.1156

0.9978 £ 0.0055

0.0038 £ 0.0096

Ob08

17.7559 + 1.3190

0.7594 £ 0.0739)

0.2158 £ 0.0539

43.3830 £ 1.9669

0.9978 £ 0.0005

0.0041 £ 0.0010

Ob09

16.2338 + 1.3908

0.4392 £ 0.0352]

0.2733 £ 0.0306

40.0258 + 0.7389

0.9975 £ 0.0004

0.0048 £ 0.0009

Ob10

12.7190 + 0.4083

0.4799 £ 0.0545)

0.6539 + 0.0168

84.1713 + 28.5661

0.9982 £ 0.0037

0.0030 £ 0.0062

Obl1

15.2875 4 1.2912

0.6539 £ 0.0441

0.4421 £ 0.0797

27.7608 + 1.4803

0.9870 £ 0.0034

0.0285 £ 0.0058

Ob12

13.5166 & 1.3069

0.3726 £ 0.0377|

0.5009 £ 0.0785

28.9472 + 1.9135

0.9899 £ 0.0027

0.0172 £ 0.0038

Obl13

8.1807 £ 0.9180

0.6053 £ 0.0213]

0.5453 £ 0.0380

50.6656 £ 35.2363]

0.9876 £ 0.0185

0.0190 £ 0.0246

Obl14

17.0156 & 1.7948

0.6896 £ 0.0408|

0.2012 £ 0.0349

33.8747 £ 1.7524

0.9952 £ 0.0006

0.0125 £ 0.0011

Obl5

15.1356 & 1.6011

0.4552 £ 0.0940]

0.2444 £ 0.0537

38.9287 £ 1.1321

0.9976 £ 0.0004

0.0057 £ 0.0008

Obl6

12.4638 £ 0.7073

0.5206 £ 0.0618|

0.4704 £ 0.0446

33.6046 £ 0.5487

0.9942 £ 0.0007

0.0145 £ 0.0013

Obl7

6.4082 + 0.4844

0.5337 £ 0.0437]

0.6172 £ 0.0477

23.8781 + 2.4945

0.9868 £ 0.0042

0.0236 £ 0.0058

Obl18

17.2849 £ 1.1646

0.6329 £ 0.0528]

0.3030 £ 0.0447

33.4426 £ 1.1966

0.9957 £ 0.0009

0.0102 £ 0.0018

ObI19

12.0649 £+ 1.0074

0.4687 £ 0.0524]

0.4947 £ 0.0552

24.2443 + 0.5349

0.9904 £ 0.0010

0.0180 £ 0.0013

0b20

15.5271 + 0.9217

0.4826 + 0.0322]

0.3530 £ 0.0348

31.3724 + 1.1389

0.9952 £ 0.0005

0.0098 + 0.0008

Ob21

7.6062 £ 0.9695

0.4566 £ 0.0454]

0.6490 £ 0.0331

82.5493 + 21.8332]

0.9999 £ 0.0002

0.0001 £ 0.0003

Ob22

12.3771 & 1.1053

0.5117 £ 0.0450]

0.3888 £ 0.0657

32.8813 £ 2.0325

0.9951 £ 0.0008

0.0093 £ 0.0012

0Ob23

13.6273 & 1.1455

0.6404 £ 0.0436]

0.2323 £ 0.0477

32.4159 £ 1.4017

0.9962 £ 0.0006

0.0090 £ 0.0013

Ob24

16.4375 + 1.1210

0.5385 £ 0.0572]

0.2291 £ 0.0414

42.0775 £ 2.5198

0.9980 £ 0.0005

0.0051 £ 0.0016

Ob25

14.0868 + 1.1532

0.5303 £ 0.0837]

0.5024 £ 0.0578

31.0123 £+ 1.5501

0.9906 £ 0.0019

0.0213 £ 0.0042

0Ob26

16.9845 & 1.4750

0.5361 £ 0.0714]

0.1987 £ 0.0276

39.7313 £ 2.7505

0.9978 £ 0.0005

0.0055 £ 0.0010

Ob27

9.2367 £ 0.7113

0.4673 £ 0.0330]

0.6693 £ 0.0278

86.2942 + 27.0586

0.9988 £ 0.0024

0.0022 £ 0.0044

Ob28

14.9048 + 1.4264

0.5758 £ 0.0827]

0.3649 £ 0.0685

32.1474 £ 2.2872

0.9948 £ 0.0014

0.0108 £ 0.0025

Ob29

15.9653 £ 1.5606

0.5899 £ 0.0774]

0.4011 £ 0.0530

32.5762 £ 0.6742

0.9913 £ 0.0011

0.0173 £ 0.0021

Ob30

7.5436 £ 0.8642

0.4794 £ 0.0298]

0.6894 £ 0.0307

100.0000 £ 0.0000]

1.0000 £ 0.0000

0.0000 £ 0.0000

Ob31

10.0956 + 1.2069

0.3232 £ 0.0500)

0.6198 + 0.0654

22.7894 + 1.6797

0.9776 £ 0.0071

0.0324 £ 0.0096

Ob32

12.8946 + 0.7813

0.5478 £ 0.0364]

0.6389 £ 0.0221

100.0000 £ 0.0000

1.0000 + 0.0000

0.0000 £ 0.0000

0Ob33

16.6515 & 1.7707

0.5959 £ 0.0916]

0.2648 £ 0.0731

33.2453 £ 2.2561

0.9940 £ 0.0014

0.0134 £ 0.0016

Ob34

10.6647 & 0.6707

0.6062 £ 0.0296]

0.6100 £ 0.0231

100.0000 £ 0.0000

1.0000 & 0.0000

0.0000 £ 0.0000

Ob35

16.3072 & 0.9979

0.5563 £ 0.0874]

0.4833 £ 0.0382

35.4693 £ 0.9602

0.9944 £ 0.0019

0.0111 £ 0.0042

Ob36

12.0939 & 0.6822

0.5275 £ 0.1080)]

0.4305 £ 0.0570

29.4797 £ 1.3241

0.9916 £ 0.0013

0.0165 £ 0.0020

Ob37

7.8856 £ 0.9616

0.3966 £ 0.0324]

0.7502 £ 0.0231

27.8095 + 25.8739

0.9446 £ 0.0385

0.0719 £ 0.0488

Ob38

15.5904 £ 1.0949

0.6099 £ 0.0826]

0.3815 £ 0.0993

31.4186 + 1.5462

0.9943 £ 0.0016

0.0132 £ 0.0031

Ob39

15.7425 £+ 2.2861

0.6608 £ 0.0883]

0.2018 £ 0.0623

31.7101 £ 1.5230

0.9939 £ 0.0012

0.0169 £ 0.0017

Ob40

10.3947 £ 0.9175

0.6964 £ 0.0428]

0.2127 £ 0.0464

32.3213 £ 1.6949

0.9946 £ 0.0011

0.0128 £ 0.0022

Ob4l

12.9229 £ 1.9766

0.6728 £ 0.0438]

0.5117 £ 0.0551

20.4906 + 1.5994

0.9727 £ 0.0051

0.0422 £ 0.0061

Ob42

14.3000 + 0.9620

0.6121 £ 0.0367|

0.2705 £ 0.0298

37.6020 + 4.6711

0.9971 £ 0.0012

0.0068 + 0.0024

Ob43

15.5474 4+ 0.8317

0.5381 £ 0.0273]

0.2430 £ 0.0363

35.9176 + 1.5391

0.9943 £ 0.0011

0.0122 £ 0.0015

Ob44

8.6751 + 1.5940

0.5075 £ 0.0642]

0.5941 £ 0.0677

20.4474 £ 2.9700

0.9705 £ 0.0138

0.0426 + 0.0166

Ob4b

18.5048 + 1.4324

0.6106 £ 0.0489)

0.2821 £ 0.0209

38.0003 £ 1.6754

0.9954 £ 0.0009

0.0087 £ 0.0012

Ob46

11.1449 £ 1.3350

0.5896 £ 0.0553]

0.4550 £ 0.0555

29.5159 + 1.5942

0.9944 £ 0.0010

0.0099 £ 0.0010

Ob47

13.9768 & 1.5734

0.5747 £ 0.0488|

0.2368 £ 0.0337

36.6864 £ 2.3630

0.9951 £ 0.0012

0.0113 £ 0.0024

Ob48

15.6197 & 1.0281

0.7406 £ 0.0358]

0.2520 £ 0.0322

26.4755 £ 2.0876

0.9891 £ 0.0022

0.0229 £ 0.0042

Ob49

13.9178 £ 1.3915

0.6464 £ 0.0473]

0.2614 £ 0.0338

26.0890 + 1.0307

0.9891 £ 0.0015

0.0214 £ 0.0028

Ob50

21.4484 + 2.3277

0.7161 £ 0.0421

0.2531 £ 0.0308

42.1310 £ 2.9489

0.9977 £ 0.0006

0.0039 £ 0.0011

Ob51

12.8359 £ 2.0735

0.7263 £ 0.0412]

0.6089 £ 0.0394

10.5288 £ 3.5578

0.6939 £ 0.1141

0.1493 £ 0.0565

Ob52

15.4296 £ 0.5492

0.6982 £ 0.0256]

0.3565 £ 0.0247

34.9925 £ 2.5839

0.9922 £ 0.0024

0.0160 £ 0.0037

Obb3

14.6308 + 1.2620

0.5898 =+ 0.0905)

0.3390 £ 0.0678

32.4557 + 2.8389

0.9953 + 0.0013

0.0101 £ 0.0020

Obb4

8.8712 + 1.9035

0.5684 £ 0.0635)

0.6205 £ 0.0406

20.1871 + 4.9475

0.9610 £ 0.0204

0.0544 £ 0.0277

Ob55

5.1466 + 1.3950

0.4216 £ 0.0522]

0.6929 £ 0.0283

100.0000 £ 0.0000

1.0000 £ 0.0000

0.0000 £ 0.0000

Obb6

11.9781 £ 0.6205

0.5369 £ 0.0288|

0.6566 £ 0.0247

35.5978 £ 26.4776)

0.9794 £ 0.0168

0.0294 £ 0.0244

Obb7

11.1425 & 0.5977

0.6755 £ 0.0434]

0.5782 £ 0.0572

100.0000 & 0.0000

1.0000 & 0.0000

0.0000 £ 0.0000

Ob58

15.7282 + 1.4834

0.7048 £ 0.0458|

0.5691 £ 0.0342

100.0000 £ 0.0000

1.0000 & 0.0000

0.0000 £ 0.0000

Ob59

14.1779 £ 1.1470

0.6533 £ 0.0500]

0.5595 £ 0.0732

25.8043 £ 3.1382

0.9801 £ 0.0070

0.0418 £+ 0.0129

Ob60

8.0383 + 2.1574

0.5702 £ 0.0413]

0.5783 £ 0.0502

15.6162 £ 5.0937

0.9220 £ 0.0348

0.0841 £ 0.0346

Ob61

7.7367 £ 0.7706

0.4881 £ 0.0353]

0.6852 £ 0.0450

22.2113 £+ 12.6188

0.9666 £ 0.0125

0.0484 £ 0.0184

Ob62

11.0064 £ 1.0359

0.6435 £ 0.0345]

0.5360 £ 0.0570

28.3164 + 2.4866

0.9928 £ 0.0024

0.0125 £ 0.0032

Ob63

7.8298 £ 0.4876

0.6174 £ 0.0299

0.6178 £ 0.0291

36.1797 £ 28.7714

0.9829 £ 0.0140

0.0279 £ 0.0209

Ob64

20.7881 + 1.6754

0.7852 £ 0.0400)

0.2117 £ 0.0256

41.0601 £ 2.3882

0.9974 £ 0.0007

0.0047 £ 0.0015

Ob65

8.1941 + 0.6646

0.5429 £ 0.0276]

0.6027 £ 0.0243

31.1929 + 1.1183

0.9959 £ 0.0007

0.0100 £ 0.0014

Ob66

9.8028 + 0.7432

0.6104 £ 0.0461

0.6360 £ 0.0366

22.5442 + 1.7680

0.9751 £ 0.0049

0.0463 £ 0.0102

Ob67

12.3295 + 1.2467

0.6400 £ 0.0463]

0.4911 £ 0.0719

20.1015 + 0.8884

0.9786 £ 0.0037

0.0333 £ 0.0044

Average

13.0393

0.5809

0.4450

40.2241

0.9852

0.0197

Table B.10: NVS results for Splatfacto with VGGT-initialized poses and no pose

optimization.
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PSNRT

SSIM T

LPIPS |

BG_PSNR T

BG_SSIM 1

BG_LPIPS |

Ob01

15.4335 £ 0.6729

0.5021 £ 0.0681

0.4658 £ 0.0671

27.7554 + 1.1217

0.9906 £ 0.0018

0.0157 £ 0.0027

0Ob02

14.9593 + 1.4852

0.6480 £ 0.0581

0.2996 £ 0.0662

28.1133 £ 1.2213

0.9898 £ 0.0025

0.0250 £ 0.0059

Ob03

11.0229 + 1.2699

0.6653 £ 0.0287]

0.4979 £ 0.0573

23.4562 + 1.9111

0.9836 £ 0.0041

0.0286 £ 0.0046

Ob04

13.7286 & 0.5213

0.5924 £ 0.0482]

0.3429 £ 0.0555

27.3318 + 1.2232

0.9917 £ 0.0010

0.0191 £ 0.0016

Ob05

13.4974 £ 0.9509

0.6221 £ 0.0441

0.2898 £ 0.0280

30.2276 £ 1.2987

0.9938 £ 0.0008

0.0166 &= 0.0020

Ob06

14.2414 £+ 0.9341

0.5655 £ 0.0337]

0.4153 £ 0.0487

29.4926 + 0.8908

0.9926 £ 0.0013

0.0170 £ 0.0028

Ob07

11.0073 £ 0.8990

0.6652 £ 0.0279)

0.5347 £ 0.0451

87.1474 £ 27.7129

0.9980 £ 0.0050

0.0035 £ 0.0087

Ob08

18.0812 £ 1.2651

0.7729 £ 0.0688]

0.1886 £ 0.0434

43.3205 £ 1.8360

0.9979 £ 0.0006

0.0044 £ 0.0013

Ob09

16.1017 + 1.3453

0.4322 £ 0.0390)

0.2698 £ 0.0313

40.1820 £ 0.7904

0.9976 + 0.0004

0.0047 £ 0.0009

Ob10

12.7217 £+ 0.4040

0.4803 £ 0.0542]

0.6536 + 0.0170

84.8946 + 27.9107|

0.9986 + 0.0029

0.0024 £ 0.0051

Obl1

15.1982 4 1.2858

0.6515 £ 0.0429)

0.4442 £ 0.0773

27.5815 + 1.3989

0.9872 £ 0.0033

0.0284 £ 0.0050

Ob12

13.4631 & 1.2844

0.3719 £ 0.0377|

0.5034 £ 0.0773

28.8779 + 1.9602

0.9899 £ 0.0028

0.0177 £ 0.0040

Obl13

8.1782 £ 0.9083

0.6054 £ 0.0214]

0.5454 £ 0.0381

50.4018 £ 35.1993]

0.9873 £ 0.0192

0.0193 £ 0.0252

Obl14

17.0481 + 1.6126

0.6977 £ 0.0392]

0.1751 £ 0.0245

34.3684 £ 1.6979

0.9959 £ 0.0006

0.0115 £ 0.0015

Obl5

15.0045 & 1.5519

0.4472 £ 0.0907|

0.2368 £ 0.0535

39.2418 £ 1.1001

0.9980 £ 0.0004

0.0053 £ 0.0009

Obl6

12.4855 £ 0.7036

0.5161 £ 0.0648]

0.4558 £ 0.0480

33.4218 £ 0.5578

0.9945 £ 0.0007

0.0146 £ 0.0012

Obl7

6.4101 + 0.4812

0.5338 £ 0.0439)

0.6173 £ 0.0477

23.7503 + 2.3912

0.9866 £ 0.0042

0.0238 £ 0.0058

Obl18

17.1904 £ 1.1453

0.6319 £ 0.0550]

0.2993 £ 0.0438

33.1727 £ 1.4051

0.9958 £ 0.0009

0.0102 £ 0.0021

ObI19

11.9942 £ 1.0585

0.4667 £ 0.0501

0.4834 £ 0.0590

24.1873 + 0.5443

0.9912 £ 0.0010
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Average

12.9919
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40.1761
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0.0190

Table B.11: NVS results for Splatfacto with VGGT-initialized poses and pose

optimization.
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Table B.12: Qualitative comparison of NVS-rendered viewpoints for
selected objects. Each row represents an object, and each column represents
a method.
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