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Abstract

We propose SiM3D, the first benchmark considering the in-

tegration of multiview and multimodal information for com-

prehensive 3D anomaly detection and segmentation (ADS),

where the task is to produce a voxel-based Anomaly Vol-

ume. Moreover, SiM3D focuses on a scenario of high inter-

est in manufacturing: single-instance anomaly detection,

where only one object, either real or synthetic, is available

for training. In this respect, SiM3D stands out as the first

ADS benchmark that addresses the challenge of generalis-

ing from synthetic training data to real test data. SiM3D

includes a novel multimodal multiview dataset acquired us-

ing top-tier industrial sensors and robots. The dataset fea-

tures multiview high-resolution images (12 Mpx) and point

clouds (∼7M points) for 333 instances of eight types of ob-

jects, alongside a CAD model for each type. We also pro-

vide manually annotated 3D segmentation GTs for anoma-

lous test samples. To establish reference baselines for the

proposed multiview 3D ADS task, we adapt prominent sin-

gleview methods and assess their performance using novel

metrics that operate on Anomaly Volumes.

1. Introduction

In computer vision, anomaly detection and segmentation

(ADS) involves identifying anomalous samples and localis-

ing their defects. This task is challenging in industrial con-

texts due to the variability and rarity of defects. Typically,

ADS in the industry follows a cold-start approach, where

training is unsupervised and uses only defect-free (nomi-

nal) samples. Before the release of the MVTec AD dataset

in 2019 [4], only a limited number of ADS methods were

proposed, with just 9 publications in major computer vision

conferences (e.g., CVPR, ECCV, ICCV, WACV) over the

five years before. The introduction of MVTec AD marked

a pivotal moment in the field, fostering the publication of

roughly 172 papers in these venues over the next 5 years.

This dataset not only stimulated the development of several

ADS methods [14, 30, 36] but also promoted the creation

of novel and more challenging benchmarks. For instance,

Figure 1. SiM3D dataset overview. From top to bottom: the

single-instance real and synthetic training samples for object Plas-

tic Stool, one of the anomalous samples from the test set.

MVTec 3D-AD and [6] and Eyecandies [7] introduced the

first benchmarks deploying multimodal inputs to enhance

ADS performance. Then, PAD [45] and Real-IAD [35]

introduced novel benchmarks that leverage multiple RGB

views of objects. Although these benchmarks tackle vari-

ous settings, two real industrial issues remain unaddressed.

First, existing benchmarks have primarily addressed the

problem of 2D ADS. Consequently, current methods gen-

https://alex-costanzino.github.io/SiM3D/


Dataset Venue & Year 2D No. Pixels 3D No. Points Scenario Train Test Setup Task No. Classes

MVTec AD CVPR 2019 RGB Images 490k – 1M — — Multi-instance Singleview Singleview real2real 2D 15

MVTec 3D-AD VISAPP 2021 RGB Images 160k – 810k XYZ Images 10k – 195k Multi-instance Singleview Singleview real2real 2D 10

Eyecandies ACCV 2022 RGB Images 262k Depths + Normals 262k Multi-instance Singleview Singleview synth2synth 2D 10

MVTec LOCO AD IJCV 2022 RGB Images 1.28M – 2.05M — — Multi-instance Singleview Singleview real2real 2D 5

VisA ECCV 2022 RGB Images 1.5M — — Multi-instance Singleview Singleview real2real 2D 12

PAD NeurIPS 2023 RGB Images 12M — — Single-instance Multiview Singleview real2real + synth2synth 2D 20

Real3D-AD NeurIPS 2023 — — Point Clouds 43k – 2.68M Multi-instance Multiview Singleview real2real 3D 12

Real-IAD CVPR 2024 RGB Images 10M — — Multi-instance Singleview Singleview real2real 2D 30

SiM3D 2025 Grayscale Images 12M Point Clouds + Mesh 5M – 7M Single-instance Multiview Multiview real2real + synth2real 3D 8

Table 1. Popular ADS benchmarks. Chronologically sorted, the sequence hints at a growing interest in multimodal and multiview data.

Figure 2. 2D vs. 3D anomaly detection and segmentation. Typ-

ical ADS benchmarks rely on 2D Anomaly Maps and 2D ground-

truths (left) to assess segmentation performance. SiM3D proposes

to do so by 3D Anomaly Volumes and 3D ground-truths (right).

erate Anomaly Maps, i.e., images that encode the likeli-

hood of each pixel belonging to a defect, as shown in Fig. 2

(left). However, many industrial applications require pre-

cise localisation of defects in the 3D space to allow auto-

matic intervention, reducing waste and optimising produc-

tion. Benchmarks relying on multimodal input data, like

those proposed in MVTec 3D-AD [6] and Eyecandies [7],

represent progress toward this goal by providing 3D infor-

mation for each pixel within an image. However, in these

benchmarks, ADS methods are still expected to provide as

output a 2D Anomaly Map, and objects are inspected from

a single viewpoint. For comprehensive 3D anomaly detec-

tion, we must observe an object in its entirety, utilising cap-

tures from multiple viewpoints to detect defects across the

entire 3D space. This calls for methods capable of integrat-

ing multiview information to estimate the defect probability

at each 3D location within an Anomaly Volume, as shown

in Fig. 2 (right). Furthermore, as demonstrated by MVTec

3D-AD and Eyecandies, these methods should process mul-

timodal information, i.e., RGB images as well as 3D infor-

mation, to achieve more reliable anomaly detection.

Secondly, current benchmarks typically provide multi-

ple training samples per object class to capture the vari-

ability across nominal objects. However, collecting many

samples – even nominal ones – can be costly and challeng-

ing. For example, line changeovers would demand acquir-

ing new datasets and retraining models, both highly time-

intensive processes. Additionally, collecting large datasets

increases the risk of errors, such as misjudged nominal sam-

ples, which may degrade model performance. Moreover,

manufactured objects typically closely resemble one an-

other as they replicate the structure and materials of a syn-

thetic CAD prototype. Thus, the variability across nomi-

nal samples of manufactured objects is frequently minimal,

with a single nominal item subsuming the information re-

quired to spot anomalies in other objects.

These considerations highlight the need for ADS tech-

niques that may be effectively trained by a single nominal

sample or even a synthetic prototype (e.g., an object’s CAD

model) and then be able to generalise to other manufactured

objects to identify anomalous ones effectively. The ability

to perform training by a single object instance, either real

or synthetic, would avoid the need for extensive data collec-

tion, vastly facilitating the creation and adaptation of ADS

models. Yet, most current benchmarks focus on multiple

training instances setups, and none of the prior works con-

sider challenging synthetic (training) to real (test) setups.

To fill all the gaps highlighted by our considerations

and stimulate interest in the development of multimodal

and multiview 3D ADS methods, we propose the Single-

instance Multiview Multimodal Multisetup dataset, dubbed

SiM3D. The dataset contains a series of high-resolution

scans of manufactured objects, which can be nominal or

anomalous. Each scan consists of multiple views, each fea-

turing a greyscale image, its corresponding point cloud (i.e.,

multimodal data), and the ground-truth acquisition pose.

In addition, an integrated 3D mesh is provided with each

scan. For each object, a single nominal sample has been

retained to be employed as a single-instance training set,

while the remaining samples, both nominal and anomalous,

compose the test set. Moreover, to foster research on novel

approaches that may address the domain gap between syn-

thetic training data and real test samples in ADS, for each

object of our dataset, we also provide a synthetic scan, i.e.,

we deploy the available CAD model to obtain the same kind

of data as in our high-resolution real scans, with images and

point clouds rendered from the same poses. An overview of

the proposed dataset is depicted in Fig. 1.

Based on our novel dataset, we create the first bench-

mark for 3D anomaly detection, where the task is to pre-

dict anomaly scores within a voxelized 3D Anomaly Vol-

ume rather than a 2D Anomaly Map (Fig. 2). Peculiarly,

our benchmark includes two setups based on the domain of

the data available for training: in the real2real setup,

a model is given access to a single nominal instance of an

object (Fig. 1, top), while in synth2real the same kind



of training data are obtained from the CAD model of the

object (Fig. 1, centre). We adapt prominent ADS methods –

both unimodal and multimodal – for the proposed task and

evaluate them on our benchmark. To assess segmentation

performance, we provide accurate 3D ground-truths (Fig. 2)

and extend ADS metrics to operate on anomaly scores and

ground-truths specified on 3D voxel grids. Our experimen-

tal findings highlight the open challenges in the field and

offer insights into possible future directions.

2. Related Work

The MVTec AD [4] dataset significantly boosted anomaly

detection research, inspiring new techniques and bench-

marks for various challenges. MVTec AD provides a train-

ing set containing only nominal images and a test set that

includes nominal and anomalous ones for several object cat-

egories. This unsupervised setup exemplifies many real-

world applications in which anomalous objects are chal-

lenging to collect, and thus, it has also been adopted by

more recent ADS benchmarks. Among them, MVTec

LOCO [5] presents a challenging scenario with both struc-

tural anomalies (e.g., dents, holes) and logical anomalies

(e.g., incorrect object combination). VisA [46] introduced

high-resolution images of complex scenes containing mul-

tiple instances of the same object. However, certain de-

fects may be visible only by analysing objects’ 3D geom-

etry. For this reason, multimodal datasets, such as MVTec

3D-AD [6] and Eyecandies [7] include 3D data alongside

images. For each sample in the dataset, MVTec 3D-AD

provides images and pixel-aligned XYZ information cap-

tured by a 3D sensor, while Eyecandies contains synthetic

images with pixel-aligned depths and normals. Recently,

PAD [45] addressed pose-agnostic ADS with the first multi-

view dataset (MAD), featuring images of objects from var-

ious viewpoints. In PAD, training samples are multiview

RGB images with known poses, while test samples are sin-

gleview RGB images with unknown poses. MAD includes

both synthetic and real objects, but its benchmarks do not

explore synthetic-to-real generalisation. Real-IAD [35] in-

troduced a large-scale multiview dataset with RGB images

covering various defect sizes. Eventually, Real3D-AD [21]

is the first point cloud anomaly detection benchmark where

the task is to predict an anomaly score for each point. It uses

front-and-back scans of nominal objects for training and a

singleview point cloud for testing.

As shown in Tab. 1, the proposed SiM3D benchmark

offers several outstanding features, including very-high-

resolution images (12 Mpx), large point clouds/meshes con-

taining 5-7 million elements captured with high-precision

3D sensors. Moreover, it is designed for a highly relevant

manufacturing scenario: single-instance anomaly detection,

where only one object is available for model training. To

promote research toward even more cost-effective scenar-

ios, ours is also the only benchmark that addresses the chal-

lenge of generalising from synthetic training data to real test

data. Finally, SiM3D stands out as the first benchmark that

considers integrating multiview information at test time for

comprehensive 3D anomaly detection, where the task con-

sists of outputting a voxel-based Anomaly Volume.

ADS Methods. Following the setup defined in the MVTec-

AD benchmark, most ADS methods [22] are designed to

estimate 2D anomaly maps from a single image [2, 3, 9,

10, 13, 15, 16, 19, 20, 23, 26, 27, 27–29, 31, 34, 37–

41, 43, 44]. One of the most popular methods is Patch-

Core [30], which uses feature extractors pre-trained on large

datasets [8, 17, 24] to gather features from nominal samples

into a memory bank. At test time, input sample features

are compared to this bank to detect anomalies. Another

more recent yet popular approach, EfficientAD [1], uses a

lightweight feature extractor and a student-teacher model to

identify anomalies based on feature prediction discrepancy.

The introduction of the MVTec 3D-AD benchmark has led

to the development of several multimodal approaches that

use images and 3D data to generate 2D anomaly maps

[14, 18, 32, 36]. Among them, BTF [18] is a memory bank

approach inspired by PatchCore, in which each element is

the concatenation of 2D and 3D features extracted by a

pre-trained image backbone and a traditional point cloud

descriptor, i.e., FPFH [33], respectively. M3DM [36] im-

proves BTF using powerful transformer-based pre-trained

backbones, such as DINO-v1[8] and Point-MAE [25], to

extract features from RGB images and point clouds. It also

learns to fuse 2D and 3D features into multimodal features.

During inference, a trained One-Class SVM learns to aggre-

gate modality-specific scores. AST [32] follows a Teacher-

Student paradigm, in which the Teacher leverages Normal-

izing Flows to model the multimodal features distribution,

while the Student employs a feed-forward network to model

such distribution. This asymmetry in the architectures exac-

erbates the discrepancies between nominal and anomalous

features at inference time. Recently, starting from the same

transformer-based backbones as in [36], CFM [14] learns

to map features from one modality to the other by nominal

samples and then, at inference time, detects anomalies by

pinpointing inconsistencies between observed and predicted

features. In this paper, we employ the above-mentioned

methods to investigate the challenges of SiM3D by adapting

them to work in a multiview setup.

3. Dataset Creation

Material preparation. We scanned eight types of manu-

factured objects spanning different sizes, shapes, textures

and materials, as shown in Fig. 3 (1.i). For each object

type, between 20 and 100 instances were purchased from a

store. We selected objects suitable for single-instance sce-

narios – instances are manufactured according to a unique



Figure 3. SiM3D dataset creation pipeline. (1) We purchased eight types of objects with different properties, each associated with a CAD

model. We altered part of the samples to create realistic anomalies; (2) We designed and calibrated an acquisition setup consisting of a

high-precision 3D sensor with high-resolution cameras on top an industrial robot arm; (3) We acquired 360-degree scans of each object

instance to populate the real split of the training and test sets, and rendered images and point clouds from the CAD models to create the

synthetic split of the training sets; (4) We created voxel-based segmentation GTs by a mixed 2D-3D labelling pipeline.

prototype model so that all nominal ones should be identi-

cal – and for which an official CAD prototype was avail-

able from the manufacturer. The prototype CAD models

are depicted in Fig. 3 (1.ii). To simulate various anomalies,

we manually introduced different types of defects that rep-

resent realistic manufacturing flaws, as illustrated in Fig. 3

(1.iii)). We altered the objects’ appearance (e.g., paint mod-

ifications, Fig. 3 (1.iii) – bottom left), geometry (e.g., dents,

Fig. 3 (1.iii) – bottom right), or both (e.g., contaminations,

Fig. 3 (1.iii) – top left). It is important to point out that only

half of the instances within each object type are modified,

while the remaining half are kept in their original state to

serve as nominal data. For each object type, one nominal

instance will be used as the training set in the real2real

experimental setup, while all other ones, both nominal and

modified (i.e., anomalous), will make up the test set. This

very same test set is also used in the synth2real setup,

though the training data comes from CAD prototypes.

Sensor. We acquired our dataset with a top-tier 3D scanner,

the Atos Q from ZEISS (Fig. 3 (2.i)). It consists of a stereo

pair with two 12 Mpx greyscale cameras and a light projec-

tor. We consider the left camera to be our reference. The

images have a resolution of 4096 × 3000 pixels. The point

clouds can feature up to 12 million elements, with a point-

to-point distance between 0.04 and 0.15 mm. The sensor is

mounted on an industrial robot arm with high repeatability

and precision (Fig. 3 (2.iii)).

Calibration. We calibrate the greyscale cameras with a

standard chequerboard pattern, estimating the intrinsic pa-

rameters matrix, A, and the radial and tangential distortion

coefficients, δ = [k1, k2, k3, p1, p2]. We also calibrate the

rotation, Rpc, and translation, Tpc, from the point cloud to

the left camera reference frame, with a precise dotted cal-

ibration pattern built by ZEISS (Fig. 3 (2.ii)) that provides

centre coordinates with precision < 1 mm. More details are

in the supplementary.

Real data acquisition. The acquisition process consists of

360-degree scanning operations around all object instances

of our dataset (see Fig. 3 (3.i)). We define specific view-

points to capture data from multiple angles around the ob-

ject. These trajectories are sampled from concentric hemi-

spheres that depend on the object’s size. We provide poses

relative to a reference view, i.e., v1. Thus, the pose for the

view i, vi, consists of a rotation Ri and a translation Ti that

aligns vi to v1, with R1 the identity matrix and T1 null.

Since in real industrial setups object instances would be

acquired from as similar as possible viewpoints, we place

markers in the scene to facilitate consistent positioning of

objects of the same type. Thus, thanks to the high repeata-

bility of the robot arm, images, Ii, and point clouds, Pi,

from the same viewpoint vi turn out similar across acquisi-

tions of different instances of the same object type. How-

ever, since the items were positioned manually with the

help of the markers, slight displacements cannot be avoided.

This introduces some variability across the scans of the in-

stances of an object, as it also typically occurs in real indus-



trial pipelines. For each object, after collecting data from all

viewpoints, the ATOS Q sensor also returns an integrated

mesh, M , obtained by registering all point clouds from the

different views using a proprietary algorithm. We collect

and release the mesh to foster the development of method-

ologies that may also exploit this 3D representation. The

3D reference frame is aligned to the one of the first point

cloud P1 taken from the first viewpoint v1.

Synthetic data generation. We employ the Blender [11]

Python API to render synthetic data that simulates real ac-

quisitions. To ensure the synthetic and real data are aligned,

we select a reference mesh from the collected real instances

for each object type, load it in Blender, and align it to the

prototype CAD model, as shown in (Fig. 3 (3.ii) - left).

Then, we set the Blender camera parameters to the intrin-

sics, A, of the left camera of our Atos Q sensor and ren-

der images from the same viewpoints vi employed during

the real acquisitions. The RGB renders are converted into

greyscale images to match the real images provided by our

acquisition setup (Fig. 3 (3.ii) - right). Renderings have

been obtained by exploiting Cycles Renderer, a path-tracing

renderer able to provide realistic results with reflections,

emissive surfaces, and physically-based lighting. We also

render depth maps (Fig. 3 (3.ii) - right), which we project

into 3D point clouds (see Fig. 1, centre) using the intrinsic

parameters, A.

Labelling. Since some anomalies, such as paintings and

minor scratches, are visible only in greyscale images, while

others, such as dents, are better visible in 3D, we must con-

sider both sensing modalities to obtain precise 3D segmen-

tation ground-truths for anomalous samples. Therefore, we

develop a two-step labelling strategy, illustrated in Fig. 3

(4), that operates on both 2D images and 3D data. First, we

manually annotate all the view images, Ii, where anoma-

lies are clearly visible, obtaining dense 2D segmentation

masks. We employ a different ID and colour for every de-

fect to ease the voxel AUPRO computation (see Sec. 4).

Subsequently, for each annotated image, Ii, we leverage

the associated integrated mesh, M , the intrinsic parameters

A, the point cloud to camera reference frame transforma-

tion, (Rpc, Tpc), and the transformation between vi and v1,

(Ri, Ti), to project the 2D annotations onto the integrated

mesh. Then, since the projection may not be precise due to

occlusions and slanted surfaces, each ground-truth mesh is

thoroughly inspected and manually refined using a 3D vi-

sualisation and editing software, i.e., CloudCompare [12].

The labelling process was conducted by a team of 4 experts,

with a final cross-check of the results. Finally, the annotated

mesh is converted into a voxel grid with a voxel size of 2

mm. The choice of the size is determined by the smallest

defect size discernible in the meshes. In the conversion pro-

cess, a voxel is labelled as anomalous if it intersects at least

one triangle labelled as such in the annotated mesh.

Type
Dimensions Dimensions Total Train Instances Test Instances Views

[cm] [voxels] Instances Nominal Nominal Anomalous per Instance

Plastic Stool 35× 35× 30 330× 326× 317 22 1 real or 1 synth 10 10 12

Rubbish Bin 26× 21× 33 333× 339× 326 42 1 real or 1 synth 20 20 12

Wicker Vase 17× 17× 15 329× 309× 290 22 1 real or 1 synth 10 10 12

Bathroom Furniture 33× 33× 50 371× 392× 363 20 1 real or 1 synth 8 10 36

Container 20× 25× 10 327× 308× 286 94 1 real or 1 synth 46 46 12

Plastic Vase 12× 12× 9 326× 308× 286 99 1 real or 1 synth 48 49 12

Wooden Stool 48× 42× 45 331× 367× 327 15 1 real or 1 synth 6 7 12

Sink Cabinet 44× 25× 50 342× 349× 357 19 1 real or 1 synth 9 8 36

Table 2. Dataset statistics.

4. SiM3D Benchmark

4.1. Dataset, Tasks, and Metrics

Dataset and Setups. Using the procedure described

in Sec. 3, we collected 333 object instances belonging to

the eight object types, as shown in Tab. 2. We captured

from 12 to 36 views for each instance, depending on the

type. We split the data into training and test sets. For each

type, the training set comprises a single instance, either real

in the real2real setup or synthetic in the synth2real

setup. The test set includes all other instances and is bal-

anced between nominal and anomalous samples. The test

set is the same for both setups.

Tasks. Our benchmark focuses on the tasks of detecting and

segmenting objects’ anomalies using multiview and multi-

modal data. Specifically, the inputs to the methods consist

of a set of images {Ii}
n
i=1

captured from different view-

points alongside 3D data, X, that capture an object entirely.

The 3D data that a method can use are a set point clouds

{Pi}
n
i=1

or depth maps {Di}
n
i=1

taken from the same van-

tage points as the images, an integrated mesh M , or also

a merged point cloud P . A method capable of multiview

multimodal 3D anomaly detection should take these inputs,

integrate the 2D and 3D information from multiple views,

and produce a global anomaly score for the test sample un-

der inspection. On the other hand, a method pursuing mul-

tiview multimodal 3D anomaly segmentation should yield

a 3D output, where each 3D position carries a score repre-

senting the likelihood of belonging to an anomaly. In our

benchmark, a method for this task takes as input all images

and 3D data, ({Ii}
n
i=1

,X) to output an Anomaly Volume,

i.e. a voxel grid, V ∈ R
X×Y×Z , where X , Y , and Z are the

grid dimensions and each voxel carries an anomaly score.

For several reasons, we chose voxel grids as the 3D output

representation of our benchmark. Firstly, as their grid struc-

ture resembles 2D Anomaly Maps, existing 2D segmenta-

tion methods and metrics can be easily extended. More-

over, voxel grids are suitable for representing every type

of 3D defect, including missing parts. One major challenge

with voxel grids pertains to choosing the voxel size. Ideally,

we would want a size that allows accurate segmentation of

even the smallest defects. However, the memory occupancy

of voxel grids scales cubically with the inverse of the voxel

size. Thus, we create ground-truth volumes using a voxel

resolution of 2 mm, which enables precise localisation of



Figure 4. Extending singleview methods. Anomaly Maps ob-

tained by processing singleview inputs with standard ADS meth-

ods are projected into the 3D and aggregated into a voxel grid,

with each voxel containing a list of scores from multiple views.

The Anomaly Volume is obtained by voxel-wise max pooling.

even the smallest defects present in our dataset while keep-

ing memory occupancy affordable.

Metrics. Akin to standard practice in 2D ADS [4], we eval-

uate detection performance by the Area Under the Receiver

Operator Curve (AUROC) of the global anomaly scores pre-

dicted by the methods. As we compute a global score for

each object instance, we name it instance-level AUROC (I-

AUROC). Regarding segmentation performance, we evalu-

ate methods with an adaptation of the popular Area Under

the Per-Region Overlap (AUPRO) curve. First of all, we

define the voxel-based Per-Region Overlap (PRO) metric

as PROt = 1

N

∑N

n=1

|Ψt∩Vn|
|Vn|

, where Ψt is an Anomaly

Volume binarised using a threshold, t, N is the number of

blobs, i.e., defects, in the ground-truth, and Vn are the vox-

els belonging to that blob. Since during labelling, we an-

notated each defect in our dataset with a different ID (see

Sec. 3), the N defect blobs in a ground-truth are easily iden-

tifiable. This metric is computed across multiple thresholds,

t, estimated at different False Positive Rates (FPRs). We

calculate the FPR using only non-empty voxels. We sam-

ple FPRs from 0 to the maximum value uniformly, we es-

timate the corresponding threshold t, and we binarise the

score grid accordingly. In this way, we construct a curve

that plots the PRO values against the corresponding FPRs.

The segmentation performance is obtained by integrating

such a curve up to a specific False Positive Rate. As pro-

posed in [14], we use 1% as integration bound for the PRO

curve to set a challenging bar representative of the require-

ments of real industrial applications. Finally, we normalise

the resulting area to the interval [0, 1]. We dub this metric

voxel-level AUPRO (V-AUPRO).

4.2. Baselines

Extending singleview methods to Multiview 3D ADS.

Current ADS methods predict a 2D anomaly map from a

singleview input, either unimodal, e.g., images, or multi-

modal, e.g., images and point clouds. To obtain a set of

baselines for our novel multiview 3D ADS task, we extend

popular and effective singleview methods by means of the

3D aggregation strategy illustrated in Fig. 4. Given the con-

sidered method, we process the data corresponding to an in-

put view, vi, so as to obtain a 2D Anomaly Map. Similarly

to Sec. 3, given the mesh, M , intrinsic parameters A, point

cloud to camera reference frame transformation, (Rpc, Tpc)
and view pose v0, (Ri, Ti), we can project each pixel of

the 2D Anomaly Map to its corresponding 3D position.

We discretise the 3D position, finding the corresponding

voxel index. We associate that voxel with the correspond-

ing anomaly score. We repeat the process for each view,

keeping track of the scores that project onto the same vox-

els. Eventually, we compute the maximum among all scores

projected into each voxel, obtaining the final Anomaly Vol-

ume. To extract the global score required by the I-AUROC,

we compute the maximum across all the scores within the

Anomaly Volume.

Selected Methods. We extend some of the most popu-

lar and effective unimodal and multimodal singleview ADS

methods, starting from their official code, and evaluate

them on SiM3D. Regarding unimodal methods, we select

PatchCore [30], with either WideResNet101 [42] or DINO-

v2 [24] as backbone, to extract features from images of all

views, {Ii}
N
i=1

of the single-instance training set to create

memory banks. Moreover, we use EfficientAD [1] using all

views as their training set. As for multimodal ADS meth-

ods, we use BTF [18] employing WideResNet101 [42] as

the image encoder and FPFH [33] as the algorithm to ex-

tract point cloud features. We create memory banks using

features extracted from images, {Ii}
N
i=1

, and point clouds,

{Pi}
N
i=1

, of all views of the single-instance training set. We

use the same strategy with M3DM [36]. As 2D feature ex-

tractor, we exploit DINO-v2. As point cloud feature ex-

tractor, instead of using a transformer backbone, i.e., Point-

MAE [17], we utilise FPFH to extract 3D features, simi-

larly to BTF. Indeed, we would need a severe downsample

(from ∼5 – 7M to ∼8k points) to work with Point-MAE,

and we verified that at such low resolution, most of the de-

fects no longer show up in the point clouds. Finally, we se-

lect CFM [14], using all views and clouds as a single train-

ing set. Based on the same consideration as for M3DM, we

use DINO-v2 and FPFH to produce 2D and 3D features.

Due to computational constraints, all methods process im-

ages padded and downsampled to 1540 × 1540. Moreover,

for compatibility with the employed 2D feature extractors,

which accept RGB images, we create 3-channel inputs by

stacking our greyscale images thrice.

3D Data pre-processing. To obtain less noisy data and

improve the results of the above-mentioned baselines, we

remove the background from 3D data. We estimate a 3D

plane using a RANSAC-based plane segmentation algo-



Figure 5. Qualitatives. Selected views with defects (left) and Anomaly Volumes for several methods (right) downsampled for visualisation.

Method Modality
real2real synth2real

Pl. Stool Rub. Bin W. Vase B. Furn. Cont. Pl. Vase W. Stool Sink Cab. Mean Pl. Stool Rub. Bin W. Vase B. Furn. Cont. Pl. Vase W. Stool Sink Cab. Mean

PatchCore w/ WRN-101 RGB 0.740 0.987 0.636 0.777 0.774 0.551 1.000 0.566 0.754 0.462 0.235 0.537 0.353 0.678 0.576 0.517 0.250 0.451

PatchCore w/ DINO-v2 RGB 0.500 0.958 0.636 0.622 0.578 0.563 1.000 0.563 0.678 0.958 0.897 0.413 0.464 0.207 0.684 0.607 0.087 0.540

EfficientAD RGB 0.280 0.732 0.000 0.878 0.424 0.730 0.928 0.712 0.585 0.123 0.673 0.000 0.848 0.008 0.487 0.750 0.662 0.443

AST RGB 0.537 0.566 0.611 0.515 0.573 0.496 0.839 0.537 0.584 1.000 0.344 1.000 0.525 0.482 0.388 0.428 0.187 0.544

BTF RGB + Point Cloud 0.421 0.217 0.504 0.565 0.545 0.471 0.678 0.424 0.478 0.462 0.294 0.520 0.444 0.464 0.424 0.482 0.287 0.422

CFM w/ DINO-v2 + FPFH RGB + Point Cloud 0.198 0.301 0.074 0.515 0.483 0.456 0.732 0.825 0.448 0.008 0.000 0.190 0.424 0.313 0.459 0.428 0.362 0.273

M3DM w/ DINO-v2 + FPFH RGB + Point Cloud 0.702 0.988 0.661 0.545 0.556 0.649 0.392 0.475 0.621 0.107 0.117 0.735 0.565 0.381 0.586 0.214 0.512 0.402

AST RGB + Depth 0.950 0.927 0.785 0.474 0.542 0.470 0.428 0.925 0.687 0.636 0.002 0.504 0.474 0.462 0.569 0.428 0.887 0.495

Table 3. Anomaly detection results (I-AUROC). Best results in bold, runner-ups underlined.

rithm, which, iteratively, randomly selects a small subset of

points (e.g., 10) to fit a candidate plane model. For the can-

didate planes, we compute the consensus set with thresh-

old τ on the point-to-plane distance. After 1000 iterations,

we return the best-fitting plane. To account for spurious

background artefacts, we shift the plane by an offset α and

finally remove all points below the shifted plane. Given

the different sizes of the objects, for each object type, we

select different optimal thresholds τ and offsets α, as de-

tailed in the supplementary material. We apply this back-

ground removal technique to the integrated mesh, M , due

to the larger number of background points, which facili-

tates the RANSAC algorithm. Then, from the background-

filtered integrated mesh, we leverage ray-tracing techniques

and known camera parameters to render, for each view,

depth maps, {Di}
N
i=1

, pixel-aligned to the corresponding

images, {Ii}
N
i=1

at the sensor resolution (4096× 3000). Fi-

nally, these depth maps are padded and downsampled to

1540 × 1540, and the depth is lifted in 3D via the cam-

era parameters to obtain dense and clean point clouds. The

depth maps and point clouds obtained by rendering the pre-

processed meshes serve as the input data for all the experi-

ments presented in the subsequent section and will be avail-

able in the SiM3D dataset.

5. Benchmark Results

Main Results. In Tab. 3 and Tab. 4, we report the results

obtained on the SiM3D benchmark by extending the con-

sidered methods as Multiview 3D ADS baselines. By look-

ing at the mean detection performance (Tab. 3), we notice

how methods that natively process only RGB images out-

perform natively multimodal ones in both the real2real

and synth2real setups. With the notable exception of

AST, this also stands for mean segmentation performance

(Tab. 4). We posit that this is due to the main multimodal

methods having been designed and tuned to process point

clouds of the resolution featured by existing multimodal

benchmarks, which is much lower than that of SiM3D, i.e.

∼ 8K vs ∼ 2.3M points (after downsampling). Indeed,

AST is the only one designed to work natively with depth

maps. Hence, our experiments suggest that current mul-

timodal ADS methods do not scale to significantly higher

resolutions. In turn, we could not even deploy the na-

tive 3D feature extractors of M3DM and CFM, the meth-

ods currently excelling on [6, 7]. Furthermore, we notice

how methods relying on memory banks, such as Patch-

Core and M3DM, tend to attain slightly better mean detec-

tion and segmentation performance than their counterparts



Method Modality
real2real synth2real

Pl. Stool Rub. Bin W. Vase B. Furn. Cont. Pl. Vase W. Stool Sink Cab. Mean Pl. Stool Rub. Bin W. Vase B. Furn. Cont. Pl. Vase W. Stool Sink Cab. Mean

PatchCore w/ WRN-101 RGB 0.710 0.461 0.761 0.675 0.694 0.747 0.380 0.609 0.630 0.734 0.437 0.751 0.454 0.678 0.741 0.386 0.618 0.600

PatchCore w/ DINO-v2 RGB 0.745 0.469 0.775 0.792 0.709 0.753 0.435 0.690 0.671 0.701 0.457 0.772 0.563 0.648 0.734 0.321 0.575 0.596

EfficientAD RGB 0.682 0.462 0.763 0.534 0.680 0.743 0.407 0.488 0.594 0.680 0.449 0.729 0.523 0.669 0.747 0.431 0.361 0.573

AST RGB 0.720 0.502 0.789 0.803 0.716 0.764 0.446 0.758 0.687 0.726 0.488 0.791 0.806 0.705 0.764 0.461 0.695 0.679

BTF RGB + Point Cloud 0.551 0.402 0.750 0.377 0.614 0.741 0.092 0.030 0.444 0.547 0.402 0.756 0.369 0.610 0.741 0.103 0.040 0.446

CFM w/ DINO-v2 + FPFH RGB + Point Cloud 0.597 0.415 0.768 0.505 0.640 0.743 0.315 0.321 0.538 0.523 0.413 0.753 0.542 0.621 0.741 0.222 0.314 0.516

M3DM w/ DINO-v2 + FPFH RGB + Point Cloud 0.733 0.452 0.767 0.702 0.702 0.752 0.288 0.126 0.565 0.690 0.454 0.770 0.461 0.645 0.734 0.318 0.132 0.526

AST RGB + Depth 0.750 0.503 0.792 0.807 0.716 0.764 0.467 0.798 0.699 0.751 0.502 0.793 0.805 0.717 0.764 0.450 0.785 0.695

Table 4. Anomaly segmentation results (V-AUPRO@1%). Best results in bold, runner-ups underlined.

Method Modality
Features real2real synth2real

2D 3D Detection Segmentation Detection Segmentation

PatchCore

RGB WRN-101 – 0.754 0.630 0.451 0.600

RGB DINO-v2 – 0.678 0.671 0.540 0.596

Depth – WRN-101 0.582 0.486 0.507 0.484

Depth – DINO-v2 0.600 0.496 0.246 0.471

Point Cloud – FPFH 0.415 0.464 0.313 0.460

BTF
RGB + Point Cloud WRN-101 FPFH 0.478 0.444 0.422 0.446

RGB + Depth WRN-101 WRN-101 0.707 0.609 0.448 0.543

CFM
RGB + Point Cloud DINO-v2 FPFH 0.448 0.538 0.273 0.516

RGB + Depth DINO-v2 DINO-v2 0.548 0.663 0.311 0.620

M3DM
RGB + Point Cloud DINO-v2 FPFH 0.621 0.565 0.402 0.526

RGB + Depth DINO-v2 DINO-v2 0.659 0.503 0.254 0.476

AST
RGB EffNet-B5 – 0.584 0.687 0.544 0.679

RGB + Depth EffNet-B5 EffNet-B5 0.687 0.699 0.495 0.695

Table 5. Anomaly detection and segmentation mean results

with different input modalities. Best results per method in bold.

within the same modality that require substantial training,

i.e., EfficientAD and CFM. We argue that this may be as-

cribed to the single-instance setup, which renders the lat-

ter category of approaches harder to optimise due to the

limited number of training images, which are as many as

the views. The methods most effectively extended to our

multiview 3D task are Patchcore, which, equipped with

either WRN-101 or DINO-v2, can achieve the best de-

tection in both setups, and AST, achieving the best seg-

mentation performance in both setups. Indeed, Patchcore

yields I-AUROCs of 0.754 (WRN-101) and 0.540 (DINO-

v2), while AST yields a V-AUPRO@1% of 0.699 and

0.695, in the real2real and synth2real setups, re-

spectively. It is also worth pointing out how, due to the do-

main shift, we can notice a gap between the real2real

and synth2real setups, especially in detection (0.754

vs. 0.540, I-AUROC) compared to segmentation perfor-

mance (0.699 vs. 0.695, V-AUPRO@1%). The qualitative

results, shown in Fig. 5, visually support the above obser-

vations. Overall, the relatively low, definitely far from sat-

urated, performance figures provided by baselines designed

by straightforward extension of state-of-the-art methods de-

livering impressive results in singleview 2D benchmarks

hint at the novel and challenging nature of the task set forth

by SiM3D. Thus, our experimental findings by baseline ap-

proaches reveal the need for more advanced and specific

methods and paradigms, both in the real2real and, even

more so, the synth2real setups.

Alternative 3D Representations. Given the lack of fea-

ture extractors amenable to processing high-resolution point

clouds, we explore the use of depth maps to capture 3D

cues. The 2D grid structure of depth maps enables the

deployment of popular backbones pre-trained on RGB

data that support high-resolution inputs, such as DINO-

v2. Thus, we create and evaluate additional baselines us-

ing depth maps and report the results in Tab. 5. Similarly

to greyscale images, we tile depth maps along the channel

axis to ensure compatibility with the employed backbones.

The results show that the use of depth maps rather than

point clouds in multimodal methods tends to improve de-

tection and segmentation performance by sizable margins,

e.g., in the real2real setup, BTF yields 0.707 I-AUROC

and 0.609 V-AUPRO when processing depths compared to

0.478 I-AUROC and 0.444 V-AUPRO when fed with point

clouds (row 6 vs. row 7) while relying on the same WRN-

101 image backbone. Indeed, all multimodal methods but

M3DM achieve their best performance in both tasks and se-

tups by processing depth maps instead of point clouds. Yet,

as vouched by the results achieved by PatchCore, RGB im-

ages compare favourably to depth maps in terms of detec-

tion performance. We ascribe this to the feature extractors

used to compute depth features being pre-trained on RGB

images, which may be conducive to yielding weaker fea-

tures when fed with depth inputs. This points out an in-

triguing research question: would it be possible to develop

a foundation model to process depth maps effectively?

6. Final Discussion

We introduced SiM3D, the first benchmark and dataset fo-

cused on integrating multiview and multimodal information

for comprehensive 3D ADS. Our experiments highlight sev-

eral open challenges. First, a need for methods that can pro-

cess multiview inputs more effectively, e.g., by taking all

views as input rather than integrating singleview outputs,

and that can be trained with a very limited number of nom-

inal samples, e.g., a single instance. Second, training with

synthetic data requires more robust techniques to address

domain-shift challenges. Finally, the current literature lacks

3D backbones capable of processing high-resolution point

clouds. Employing depth maps seems a promising strategy

to facilitate this processing, yet a foundational model for

depth maps is still missing. We believe that SiM3D may

serve as a strong foundation for tackling these challenges

and fostering future research toward 3D ADS.
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Supplemental material

In this supplemental material, we provide additional qual-

itative results and insights on the design choices dealing

with the creation of our dataset. We would like to high-

light that, in case of acceptance of the paper, SiM3D will

be publicly released along with the codebase created to

implement the baselines and compute the performance

evaluation metrics, so as to stimulate further research

concerning the open challenges.

S.1. Threshold employed for background removal

As anticipated in Sec. 4.2 of the main paper, in Tab. A we

report the values of the threshold distance τ employed to de-

termine the inliers of the consensus set and the offset α used

to shift the fitted plane. The classes Wooden Stool and Sink

Cabinet have not been filtered since the slight amount of

background points does not provide enough support points

to fit a plane with the employed algorithm.

Class τ α

Plastic Stool 30 -2

Rubbish Bin 30 -2

Wicker Vase 60 10

Bathroom Furniture 20 10

Container 30 2

Plastic Vase 60 2

Wooden Stool – –

Sink Cabinet – –

Table A. Background removal τ and α values.

S.2. Details on the defect distribution of the test set

In Tab. B we report several statistics on the distribution of

the defects on the test set, such as the number of test in-

stances, the number of anomalies and the mean number of

anomalies per defective instance. Even though each defect

is inherently multimodal, they can be distinguished as: (i)

3D, such as dents and bumps, characterised by significant

structural variation but minimal changes in the visual ap-

pearance of the defective area; (ii) 2D, such as scratches

and marker strokes, in which we have a negligible structural

variation and a significant deviation in the appearance of the

defective area; (iii) multimodal, such as cracks and contam-

inations, in which both structural and appearance variations

can be appreciated.

Furthermore, we report in Fig. A the distribution of the

size (in voxels) of the defects present in the test set of

SiM3D. The distribution highlights the predominance of

smaller anomalies, which renders the benchmark particu-

larly challenging.

Class
Test Instances No. Anomalies Mean Anomalies

Nominal Anomalous Tot. 3D 2D Multimodal per Instance

Plastic Stool 10 10 32 11 18 3 3.2

Rubbish Bin 20 20 48 8 30 10 2.4

Wicker Vase 10 10 14 1 3 10 1.4

Bathroom Furniture 8 10 32 0 24 8 3.2

Container 46 46 104 4 67 33 2.2

Plastic Vase 48 49 62 20 27 15 1.2

Wooden Stool 6 7 34 9 21 4 4.8

Sink Cabinet 9 8 27 4 15 8 3.3

Table B. Test set defects statistics.

Figure A. Anomaly size distribution. The proposed dataset con-

tains predominantly smaller anomalies, making the overall bench-

mark particularly challenging.

S.3. Additional details on the calibration procedure

The proposed pipeline deploys a custom procedure to es-

timate the transformation between the reference frame in

which the Atos Q sensor provides the point cloud associated

with a scan, from now on Sensor Reference Frame (SRF),

and the Camera Reference Frame of the left camera (CRF).

More in detail, we acquire several (i.e., 20) views, i.e., im-

ages and associated point clouds, of a high-precision dot

pattern provided by ZEISS as part of the calibration toolkit

of the Atos Q sensor (see Fig. 3 (2) in the main paper).

Then, for each pair of images and point clouds, we apply

the following steps:

(i) Detect and refine the centres of the dots from the image

by a classical circle detection algorithm;

(ii) apply the Perspective-n-Points (PnP) algorithm between

these 2D centres in the CRF and the known 3D co-

ordinates of the centres expressed in the 3D reference

frame attached to the calibration pattern to find the roto-

translation between the CRF and the 3D reference frame

attached to the calibration pattern;

(iii) roto-translate the 3D centres of the dots – expressed in

the calibration pattern reference frame – into the CRF,

exploiting the transformation between the calibration pat-

tern and the camera previously estimated by PnP;



Figure B. Reference frames.

(iv) use the software tools provided with the Atos Q to get the

3D coordinates of the centres of the dots into the SRF;

(v) finally, given all the 3D-3D correspondences between the

centres of the dots in the SRF and the CRF obtained

from the different views of the pattern, we apply an ab-

solute orientation algorithm (i.e., Kabsch-Umeyama) to

estimate the roto-translation from the SRF to the CRF,

i.e. [Rpc|Tpc].
The accuracy of the estimation process can be assessed

by computing the ℓ2 norm of the difference between the

coordinates of centres brought from the SRF into the CRF

by [Rpc|Tpc] and those brought from the pattern reference

frame into the CRF via the transformation obtained by PnP

This assessment is performed on an additional set of views

with respect to those used to estimate [Rpc|Tpc], resulting in

a precision under 1 mm.

In Fig. B we depict the different reference frames and the

relations between them. We highlight that, with the Atos Q

sensor, the Mesh Reference Frame (MRF) is aligned in the

3D space to the SRF associated with the first point cloud

acquired while performing a 360-degree scanning of an ob-

ject, hence [R1|T1] = [I|0].

S.4. Additional details on the labelling procedure

As anticipated in Sec. 3, the labelling process involves

transferring 2D annotations – manually created on images

– to the 3D integrated mesh. This is achieved by projecting

the 3D mesh vertices into the 2D image space and asso-

ciating each vertex with the ID colour (label information)

carried by the corresponding pixel. Thus, the mesh vertices

are first transformed by the inverse of the roto-translations

[Ri|Ti] between the mesh and the considered views. Then,

they are brought into the CRF by employing [Rpc|Tpc]. Fi-

nally, the vertices’ coordinates expressed in the CRF are

projected onto the image plane of the 2D annotations by the

intrinsic parameters of the camera, A. The corresponding

pixel coordinates in the image are identified for each ver-

tex, their ID colour (i.e. label) is extracted, and the infor-

mation is assigned to the associated vertices of the 3D mesh,

thereby lifting in 3D the annotations created on the original

2D inputs. Finally, the 3D mesh with vertex colours repre-

senting the annotations is manually refined.

S.5. Additional details on pre-processing of 3D data

In Fig. C we show the procedure to obtain the depth maps

{Di}
n
i=1

, or organized point clouds {Pi}
n
i=1

, employed in

the experiments described in Sec. 5. In particular, after the

raw singleview point clouds are acquired through a whole

scan of the object, the ZEISS software shipped with the

Atos Q integrates them to obtain a comprehensive mesh.

Subsequently, we remove the background from this mesh

with the procedure described in Sec. 4, obtaining a filtered

mesh. Afterwards, by the knowledge of the roto-translation

[Rpc|Tpc] between the CRF and the SRF as well as those be-



Figure C. 3D Data pre-processing.

tween the the roto-translations and the mesh, [Ri|Ti] (see

Fig. B), we can render the depth maps {Di}
n
i=1

associ-

ated with each view by ray-tracing the cleaned mesh. Fi-

nally, to obtain clean and organized point clouds {Pi}
n
i=1

,

which are pixel-aligned to the corresponding greyscale im-

ages {Ii}
n
i=1

, we can simply reproject the pixel coordinates

in 3D via corresponding rendered depths and the inverse of

the camera matrix, A.

S.6. Additional details on the baselines

For the following baselines, we process greyscale images

{Ii}
n
i=1

, depth maps {Di}
n
i=1

or organized point clouds

{Pi}
n
i=1

downsampled to the common size of 1540×1540×
3, the highest achievable with the available hardware.

Input data processed with WideResNet101, either

greyscale images or depth maps, returns features from the

second and third layers, yielding feature maps with dimen-

sions equal to 28 × 28 × 1536. Input data processed with

DINO-v2, either greyscale images or depth maps, return

features from the last layer, yielding feature maps with

dimensions equal to 110 × 110 × 768. Input data pro-

cessed with FPFH features, namely point clouds, are pro-

cessed considering a voxel size equal to 2 mm in order to

match the resolution attainable from the 3D voxel ground-

truths and yield feature maps with dimensions equal to

1540 × 1540 × 33. The spatial resolution of these maps

is then downsampled to match either the spatial resolution

of the WideResNet101 or DINO-v2 features, hence 28×28
or 110× 110.

Unlike the common practice, the 2D Anomaly Maps

obtained by the methods are not Gaussian-blurred since

the subsequent 3D aggregation and discretisation introduce

smoothing.

PatchCore. PatchCore [30] is a singleview, image-based

ADS method that employs WideResNet101 to extract fea-

tures from training data, which are subsequently stored in

a memory bank. During inference, features from test sam-

ples are queried against this memory bank to compute an

anomaly score.

We adapted this method on SiM3D, by either processing

greyscale images or depth maps, using either its original

feature extractor, WideResNet101, or the DINO-v2 back-

bone. We created the coreset with a 10% coverage and 0.9

projection radius and selected 3 as a reweight parameter for

the anomaly map computation.

EfficientAD. Efficient [1] is a singleview, image-based

ADS method that employs a Teacher–Student paradigm

based on patch description networks paired with an autoen-

coder pre-trained on WideResNet101.

We implement EfficientAD by disabling the Teacher nor-

malisation since there is no validation set available, and we

upsample the intermediate encoder outputs to match the size

of the Teacher and the Students fed with 1540×1540×3 im-

ages. Moreover, we train the Students for 1000 epochs, un-

like the 70000 expected from the adopted implementation,

since the loss tends to stall earlier due to the limited num-

ber of training images that characterise our single-instance

setup.



Figure D. Qualitatives. Views with defects (left) and Anomaly Volumes for several methods (right) downsampled for visualisation.

Back to the Features. BTF [18] is a singleview, multi-

modal ADS method that, similarly to PatchCore, employs

WideResNet101 to extract 2D features from RGB images,

and relies on FPFH to extract 3D features from point clouds.

The 2D and 3D features are subsequently concatenated and

stored in a single memory bank. During inference, 2D and

3D features from test samples are also concatenated and

queried against this memory bank to compute an anomaly

score.

We also implement BTF by using WideResNet101 to

process both grayscale images and depth maps. We created

the coreset with a 10% coverage and 0.9 projection radius

and selected 3 as a reweight parameter for the anomaly map

computation.

Crossmodal Feature Mapping. CFM [14] is a single-

view, multimodal ADS method that exploits MLPs to map

features from one modality to the other on nominal sam-

ples and then detect anomalies by pinpointing inconsisten-

cies between observed and mapped features. This solution

leverages DINO-v1 and Point-MAE to extract features from

RGB images and point clouds, respectively.

Since SiM3D contains high-resolution images and point

clouds, we adopt DINO-v2 and FPFH as feature extrac-

tors. Alternatively, to reduce computational demands, we

also implement CFM by using DINO-v2 to process both

greyscale images and depth maps. We trained the cross-

modal feature mappings for 50 epochs, following the origi-

nal implementation, with a unitary batch size to limit mem-

ory consumption.

Multi-3D-Memory. M3DM [36] is a singleview, multi-

modal ADS method that employs DINO-v1 and Point-MAE

to extract features from RGB images and point clouds,

which are subsequently stored in memory banks. More-

over, it also learns a function to fuse 2D and 3D features

into multimodal features, which are then stored in mem-

ory banks alongside those computed from the individual

modalities. During inference, features from test samples

are queried against the memory banks to compute anomaly

scores, which are then aggregated with One-Class SVMs.

Given that SiM3D contains high-resolution images and

point clouds, we adopt DINO-v2 and FPFH as feature ex-

tractors. To reduce computational demands, we also imple-

ment M3DM by using DINO-v2 to process both greyscale

images and the rendered depth maps. Furthermore, we dis-

abled the feature fusion module due to computational limi-

tations introduced by the high-resolution features. Follow-

ing the original implementation, we created both coresets

with a 10% coverage and 0.9 projection radius and selected

1 as a reweight parameter for the image-based anomaly map

and 0.1 as a reweight parameter for the point cloud-based

anomaly map. Moreover, both One-Class SVMs are trained

with a ν parameter equal to 0.5 and a maximum number of

SGD iterations fixed to 1000.

Asymmetric Student-Teacher. AST [32] is a singleview,

multimodal ADS method that employs EfficientNet-B5 to

extract features from RGB images and depth maps. Such

features are subsequently employed to optimise a Normaliz-

ing Flow as Teacher network and a feed-forward network as

a Student network. The idea is that, after optimisation, both

networks are able to reconstruct nominal samples, begetting

low discrepancies, while failing to reconstruct anomalous

samples. Since these two networks present different archi-



Figure E. Multimodal methods qualitatives. Views with defects (left) and Anomaly Volumes for all multimodal methods (right) down-

sampled for visualisation.

tectures, the way in which they fail to reconstruct anoma-

lous samples is different, hence discrepancies will be exac-

erbated, highlighting anomalies. Due to the fact that this

method work on the features, it is triviality extendable to

multiple modalities.

Given that SiM3D contains high-resolution images and

point clouds, we deployed AST by passing to the framework

1540× 1540× 3 images and depth maps.

S.7. Assessment of data generation quality and in-
sight of failure cases of the synth2real setup

We report in Tab. C the Fréchet Inception Distance (FID)

between the train set, either from the real2real or

synth2real setup, and the test set, along with the per-

formance gaps (∆ I-AUROC, ∆ V-AUPRO) for PatchCore.

We do not observe any correlation between ∆ FID and ∆
I-AUROC or ∆ V-AUPRO. Instead, in the synth2real

scenario, we noticed strong outliers in anomaly maps of

nominal samples (see Fig. F), for some objects. These out-

liers have a strong impact on detection since they increase

the false detection rate, while affecting the segmentation

performance much less.

S.8. Ancillary experiments to assess the SiM3D
challenges

As suggested during the peer-reviewing process, we ran the

following experiments to gain more insight into the unique

challenges set forth by SiM3D:

• We treated the task as single-view ADS by deploying

PatchCore, obtaining a mean I-AUROC of 0.488 vs.

0.754 of our multiview approach, highlighting the ne-

cessity of addressing the task in a multiview fashion.

Notice that we cannot compare the segmentation perfor-

mance since the ground-truths are voxel grids;



Pl. Stool Rub. Bin W. Vase B. Furn. Cont. Pl. Vase W. Stool Sink Cab. Mean

FID real2test 10.088 8.844 7.345 15.784 12.590 9.560 8.910 23.750 12.108

FID synth2test 48.744 44.565 57.302 40.900 51.900 55.194 24.040 34.060 44.588

∆ FID 38.656 35.721 49.957 25.116 39.310 45.634 15.130 10.310 32.480

∆ I-AUROC (PatchCore) 0.458 0.061 0.223 0.158 0.371 0.121 0.393 0.476 0.282

∆ V-AUPRO (PatchCore) 0.044 0.012 0.003 0.229 0.061 0.019 0.114 0.115 0.075

Table C. Data quality assessment and impact on performance. The average Fréchet Inception Distance between the train samples and

the test samples for both real2real and synth2real setups is reported.

Figure F. Outliers. The same test views inferred with the same

model, trained either with real2real or synth2real train

set, highlights the presence of outliers in the synth2real sce-

nario.

• We ran the official implementation of PatchCore on

grayscale MVTec AD, obtaining a mean I-AUROC of

0.988 vs. 0.991, and a mean AUPRO@30% of 0.929 vs.

0.935, both official results from [30], highlighting that

benchmark complexity does not stem from grayscale

images.

As for metrics, I-AUROC is directly comparable to other

benchmarks; hence, the general lower performance con-

firms that SiM3D is more challenging. Segmentation per-

formance cannot be compared since the ground-truths of

SiM3D are voxel grids.

S.9. Assessment of baselines on 2D and multimodal
anomalies

As suggested during the peer-reviewing process, we per-

formed a comparative analysis of some baselines while dis-

entangling the different kinds of anomalies. To this end,

starting from Tab. B, we split the anomalies into 2D and

3D+multimodal anomalies, hence, unifying 3D defects with

the multimodal ones. Indeed, we argue that, while it is pos-

sible to unambiguously consider some anomalies, such as

marker strokes and white-outs, as 2D-only, it is more diffi-

cult to pinpoint 3D-only anomalies, as structural deviations

in the geometry, more often than not, tend to manifest them-

selves also in the image space.

After that, we selected the best-performing algorithm

working on images (PatchCore w/ DINO-v2) and multi-

modal data (AST), The experiments, reported in Tab. D,

show that PatchCore, the image-based method, tend to

perform best on 2D anomalies and worse on multimodal

anomalies, obtaining an overall weaker performance when

all the anomalies are considered. On the other hand, AST,

the multimodal method, tend to perform well on both 2D

and multimodal anomalies, obtaining an overall stronger

performance when all the anomalies are considered. These

findings further confirm the necessity of a multimodal anal-

ysis when working in the SiM3D setup.

S.10. Attribution of existing assets

We adapted the baselines described in the main paper start-

ing from the following codebases:

• PatchCore: https : / / github . com /

eliahuhorwitz / 3D - ADS released under MIT

License;

• EfficientAD: https : / / github . com /

nelson1425/EfficientAD released under Apache

License 2.0;

• BTF: https://github.com/eliahuhorwitz/

3D-ADS released under MIT License;

• M3DM: https://github.com/nomewang/M3DM

released under MIT License;

• CFM: https://github.com/CVLAB-Unibo/

crossmodal-feature-mapping released under

non-commercial use only license;

• AST: https://github.com/marco-rudolph/

AST released under MIT License.

S.11. Ethical statement

This research, which was carried out to produce this dataset,

adheres to ethical principles and practices in computer vi-

sion research. The dataset introduced in this study does not

contain any personally identifiable information or sensitive

data. It has been collected and processed in a manner that

respects individual privacy and avoids potential biases. The

dataset and its intended use align with the ethical guidelines

outlined by the CVPR community. We have taken care to

ensure that the dataset and its potential applications do not

https://github.com/eliahuhorwitz/3D-ADS
https://github.com/eliahuhorwitz/3D-ADS
https://github.com/nelson1425/EfficientAD
https://github.com/nelson1425/EfficientAD
https://github.com/eliahuhorwitz/3D-ADS
https://github.com/eliahuhorwitz/3D-ADS
https://github.com/nomewang/M3DM
https://github.com/CVLAB-Unibo/crossmodal-feature-mapping
https://github.com/CVLAB-Unibo/crossmodal-feature-mapping
https://github.com/marco-rudolph/AST
https://github.com/marco-rudolph/AST


Method Modality Anomalies
Detection Segmentation

Pl. Stool Rub. Bin W. Vase B. Furn. Cont. Pl. Vase W. Stool Sink Cab. Mean Pl. Stool Rub. Bin W. Vase B. Furn. Cont. Pl. Vase W. Stool Sink Cab. Mean

PatchCore w/ DINO-v2 RGB All 0.500 0.958 0.636 0.622 0.578 0.563 1.000 0.563 0.678 0.745 0.469 0.775 0.792 0.709 0.753 0.435 0.690 0.671

PatchCore w/ DINO-v2 RGB 2D 0.646 0.902 0.602 0.723 0.678 0.498 0.980 0.612 0.705 0.832 0.498 0.674 0.801 0.718 0.687 0.455 0.678 0.667

PatchCore w/ DINO-v2 RGB Multimodal 0.425 0.573 0.534 0.439 0.592 0.632 0.754 0.587 0.567 0.276 0.354 0.456 0.548 0.698 0.603 0.404 0.596 0.491

AST w/ EffNet-B5 RGB + Depth All 0.950 0.927 0.785 0.474 0.542 0.470 0.428 0.925 0.687 0.750 0.503 0.792 0.807 0.716 0.764 0.467 0.798 0.699

AST w/ EffNet-B5 RGB + Depth 2D 0.910 0.905 0.773 0.427 0.539 0.320 0.423 0.892 0.648 0.654 0.443 0.730 0.687 0.708 0.797 0.303 0.679 0.625

AST w/ EffNet-B5 RGB + Depth Multimodal 0.945 0.895 0.698 0.410 0.498 0.543 0.413 0.904 0.663 0.738 0.475 0.765 0.789 0.893 0.683 0.564 0.723 0.703

Table D. Anomaly detection and segmentation results considering different kinds of anomalies.

Figure G. SiM3D dataset overview. From top to bottom: the single-instance real and synthetic training samples for objects Rubbish Bin

and Wicker Vase, one of the anomalous samples from the test set.

pose significant risks to individuals or society.

S.12. Additional qualitative results

We report in Fig. D additional qualitative results concern-

ing the classes of SiM3D which have not been displayed in

in Fig. 5. We additionally report in Fig. E qualitative results

for top-performer multimodal methods reported in Tab. 5.

S.13. Extended dataset visualizations

Akin to Fig. 1 of the main paper, in Fig. G, Fig. H, and

Fig. I, we show training samples, both real and synthetic, as

well as defective test samples for other object types present

in the SiM3D dataset.



Figure H. SiM3D dataset overview. From top to bottom: the single-instance real and synthetic training samples for objects Bathroom

Furniture and Container, one of the anomalous samples from the test set.



Figure I. SiM3D dataset overview. From top to bottom: the single-instance real and synthetic training samples for objects Plastic Vase

and Wooden Stool, one of the anomalous samples from the test set.
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