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Abstract
Recent works on pose-agnostic anomaly detection (PAD) have addressed the challenge of identifying visual defects when
the test object’s pose is unknown, that is, when test images may depict the same object but in arbitrary orientations
not seen in the reference anomaly-free dataset. In this unsupervised setting, models rely only on the knowledge of
non-defective samples and their task is to detect anomalies appearing anywhere on the object surface. Current state-of-
the-art approaches, such as OmniPoseAD, SplatPose, and SplatPose+, have advanced the field by introducing dedicated
algorithms and frameworks for pose-agnostic anomaly detection. The present work consists of an engineering-oriented
integration effort aimed at adapting existing PAD approaches to realistic industrial scenarios in which background clutter
must be addressed for practical deployment. Two main contributions are provided: first, a simulated dataset for pose-
agnostic anomaly detection with realistic industrial scenes; second, a complete pipeline that handles the introduced
scenarios. Experimental results, carried out in comparison with the state-of-the-art SplatPose+ and measured in terms
of pixel-level AUROC, AUPRO, image-level AUROC, and F1-score, demonstrate good performance on the proposed
dataset. Code is available at: https://github.com/enmarchi/3dpad_background.
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1 Introduction
Modern manufacturing processes are progressively incor-
porating automated inspection techniques as part of the shift
toward intelligent and data-driven production, with the goal
of reducing human intervention in repetitive quality inspec-
tion tasks that require significant time and manpower and
are susceptible to human error. In this context, research
efforts are increasingly focused on developing innovative
approaches for visual anomaly detection, aiming to iden-
tify structural defects through deep learning and machine
vision techniques. Accordingly, this work positions itself
within a broader strand of research1–7 that integrates mod-
ern machine learning and advanced computational methods
into real-world engineering systems, enabling effective and
scalable solutions for practical scenarios. More specifically,
the present study focuses on an in-line inspection scenario,
where products move along a conveyor during the manu-
facturing process and are automatically analyzed to detect
visual defects, determining whether each item meets quality
standards or should be discarded.

When dealing with anomaly detection, defective sam-
ples are rare, which makes their collection particularly chal-
lenging. Moreover, labeling such data is a time-consuming
and costly process, often requiring expert supervision. For
this reason, several recent studies, such as work8 have
explored strategies to minimize the labeling effort by adopt-
ing semi-supervised or unsupervised learning approaches
for visual anomaly detection. Beyond the challenges related
to data scarcity and labeling, real industrial environments
introduce additional sources of complexity that must be
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Danijel Skočaj, Faculty of Computer and Information Science, University
of Ljubljana, Vecna pot 113, 1000 Ljubljana, Slovenia.
Email: danijel.skocaj@fri.uni-lj.si

https://uk.sagepub.com/en-gb/eur/journals-permissions
https://doi.org/10.1177/10692509261425164
https://journals.sagepub.com/home/ico
https://orcid.org/0009-0004-6090-7891
https://orcid.org/0009-0007-9654-8386
https://orcid.org/0000-0002-5290-4736
https://orcid.org/0000-0002-8425-6892
https://github.com/enmarchi/3dpad_background
http://crossmark.crossref.org/dialog/?doi=10.1177%2F10692509261425164&domain=pdf&date_stamp=2026-03-03


2 Integrated Computer-Aided Engineering 0(0)

carefully considered. In practice, datasets are often imper-
fect or contaminated with noise, such as variations in
ambient lighting or reflections that affect image quality.
Furthermore, despite being constrained on a conveyor sys-
tem, objects may appear with slight pose mis-alignments
or rotations, increasing the difficulty of consistent defect
detection. Finally, complex and textured backgrounds can
introduce visual artifacts that lead to false positives dur-
ing object segmentation and anomaly identification, an
issue that previous studies such as Stauffer and Grimson,9

García-González10 have attempted to address through back-
ground estimation methods.

The first contribution of this work is a publicly avail-
able dataset that simulates, through a synthetic render-
ing process, an industrial in-line inspection scenario, with
objects moving along a conveyor and presenting varied,
unpredictable poses, resulting in images with a realistic
background that closely resembles an actual production
environment. Regarding illumination, a uniform lighting
condition was assumed, as the work does not focus on
illumination-agnostic detection; nevertheless, the proposed
dataset is more challenging than previous ones because it
includes background clutter. Then, the aim is to identify
surface anomalies that may occur at arbitrary locations on
objects with unknown pose. The training dataset is assumed
to contain only non-defective samples, while anomalies are
artificially introduced as small and subtle defects, to eval-
uate the robustness of the proposed methodology under
realistic and complex conditions.

The second contribution is an anomaly detection
pipeline that leverages existing anomaly detection methods
based on Gaussian splatting11 and is engineered to operate
on the proposed dataset.

The remainder of this paper is organized as follows.
Section 2 reviews the related work. Section 3 describes the
dataset and the proposed methodology. Section 4 presents
the experimental results, followed by an ablation study.
Finally, Section 5 outlines the conclusions of the paper.

2 Related works
Recent years have witnessed a growing interest in unsuper-
vised 3D anomaly detection, driving the creation of increas-
ingly challenging benchmarks. Early 3D anomaly detection
datasets, such as MVTec 3D-AD,12 Eyecandies,13 and PD-
Real,14 primarily relied on single-view RGB-D data, pro-
viding only partial object observations. Subsequent datasets
moved toward complete object representations: Real3D-
AD15 provides full point cloud geometry without blind
spots, while 3D-ADAM16 and Anomaly-ShapeNet17 further
enrich such representations by incorporating RGB informa-
tion or synthetic reconstructions, respectively. Other dataset
like MAD,18 Real-IAD,19 and RAD20 achieve full object
coverage through multi-view RGB images, with the lat-
ter two addressing more challenging real-world conditions.

Notably, MAD was designed for pose-agnostic anomaly
detection (PAD), where the object pose is unknown at
test time and must be estimated before anomaly detec-
tion. PIAD21 further extends this setup by introducing
illumination changes alongside unknown poses, signifi-
cantly increasing task difficulty. Furthermore, the PCAD
dataset22 bridges the gap between synthetic and real-world
benchmarks by combining real multi-view RGB images
with corresponding CAD models, enabling more realistic
scenarios. The dataset proposed in this work shares with
MAD, Real-IAD, RAD, PIAD, and PCAD the use of a
multi-view approach, and furthermore consists of rendered
images of synthetic LEGO models combined with synthetic
yet visually realistic backgrounds.

In parallel, numerous unsupervised approaches have
been proposed. Since anomalies are absent from the train-
ing set, these methods learn a model of normality solely
from normal samples, classifying any deviation at inference
time as anomalous. A prevalent strategy is reconstruction-
based detection, where models are trained to reconstruct
normal inputs but fail to accurately reproduce anoma-
lies, as in works.17,23–27 In addition, several works24,28–31

attempt to leverage RGB information by fuzing it with
depth data. In other approaches,32–37 the architecture gen-
erates simulated anomalies on normal images for training
purposes; it then learns to reconstruct the normal appear-
ance from the anomalous image, and at inference time
employs the extracted features to drive the anomaly detec-
tion process using the reconstructed normal object as a
guide. Other studies38–43 adopt a different approach based
on the paradigm introduced by PatchCore,44 in which fea-
tures from normal images are extracted during training and
stored in a feature dictionary, referred to as a memory bank.
At test time, features extracted from the query item are com-
pared against the memory bank, and an anomaly score is
assigned based on their distance from the stored features.

Gaussian splatting11 was introduced as a method for 3D
scene modeling using RGB images with known camera
poses, which enables rendering images from arbitrary view-
points. Since its introduction, it has been applied to the PAD
problem. The first approaches, SplatPose45 and IGSPAD,46

leverage the differentiability of Gaussian splatting to design
a pose estimation module that solves an optimization prob-
lem with respect to the pose, a strategy that is also adopted
in PIAD.21 In contrast, SplatPose+47 departs from this idea
and estimates object poses at test time via PnP48-based opti-
mization. The latter is then adapted in the proposed pipeline
to handle background content, which is not considered in
previous related approaches.

3 The proposed system
The proposed approach builds upon the SplatPose+ frame-
work, which is briefly reviewed in the next subsection. The
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Figure 1. Proposed architecture.

subsequent subsections detail the proposed dataset and the
original pipeline.

3.1 Pose estimation and anomaly detection
In SplatPose+, the 3D representation of non-anomalous
models is learned through Gaussian splatting, where the
scene is modeled as a collection of splats, characterized
by parameters such as 3D position, color, opacity and 3D
shape.

The training process consists of optimizing the param-
eters of these splats so that the rendered views of the
reconstructed model closely match the input RGB images.

To initialize the Gaussian splatting model, a prelimi-
nary 3D reconstruction is obtained using Structure-from-
Motion (SfM).49,50 The resulting SfM point cloud is scale-
consistent and therefore provides an approximate yet reli-
able representation of the object geometry; each 3D point,
containing only positional information, is used as the ini-
tial location of a Gaussian splat. Subsequent optimiza-
tion refines these splats, enriching them with additional
attributes such as color, opacity, and spatial extent.

In addition, SplatPose+ leverages the optimized SfM
reconstruction to estimate test-time camera poses via PnP
optimization and anomaly detection is then performed
directly in the image domain. Specifically, a synthetic view
of the object is rendered from the same viewpoint using
the learned Gaussian splatting model, which represents the

Algorithm 1. Overview of the proposed pipeline.

Require: Test image Ti, synthesized view Si
1: Mt

i ← BiRefNet(Ti)
2: Ms

i ← ExtractReferenceMask(Si)
3: Mi ← Mt

i ∨ Ms
i

4: Saug
i ← Compose(Si|Ms

i
, LaMa(Ti, Mt

i ))
5: AnomalyDetection(Ti|Mi

, Saug
i |Mi

)

normal, defect-free appearance. This rendered image serves
as a reference and is compared with the corresponding real
test image. Both images are processed through a feature
extraction backbone, and the resulting feature maps are
analyzed to measure their discrepancy. Regions showing
significant differences between the two sets of features indi-
cate deviations from normality, allowing the detection and
localization of surface anomalies.

3.2 Methodology
The proposed pipeline is shown in Figure 1 and described
in Algorithm 1. In this work, particular attention is devoted
to addressing the pose-agnostic anomaly detection prob-
lem under conditions that more closely resemble real
industrial environments. The main challenge arises from
background elements in the test images. Because objects
have no fixed pose, neither their pose is known a-priori
nor is their arrangement with respect to the background
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consistent across different objects. As a result, training a
Gaussian splatting normal model that includes background
content and comparing it to a test image with background
is unreliable: even when the object view matches, the back-
ground pose does not, and vice versa. To mitigate this, the
processing pipeline aims to remove the influence of the
background. Accordingly, the Gaussian splatting model is
trained on images with a null background, represented by
a uniform white surface, as in previous published works.
To ensure a consistent comparison between rendered and
test images, the test background must be suppressed. This
requires an accurate object segmentation and restricting
the comparison to the object mask, thereby eliminating
background influence.

As will be explained in the dataset section, anomalies
can involve missing, modified, or added parts. In the case
of missing parts, detection must focus on the region where
the part should be. The object mask from the test image is
therefore insufficient, because it can exclude the removed
part, as would happen in the example shown in Figure 2(a)
where the removed part is above the background. Then, it is
necessary to also use the object mask from the synthesized
normal image, which delineates the expected extent of the
part, so that the corresponding area can be analyzed.

On the contrary, for added parts, relying only on the syn-
thesized normal mask would miss the anomalous region,
since anomalies can lie outside the expected support, like
in the example shown in Figure 2(b); the test-image object
mask must therefore be used to include those extra areas. In
practice, the union of the two masks is analyzed: regions
present only in the normal mask indicate missing parts,
regions present only in the test mask indicate added parts,
and discrepancies within the overlap correspond to modi-
fied parts.

Formally, let Ms
i denote the object mask in the synthe-

sized view Si and Mt
i the object mask in the test image Ti. In

the proposed example Figure 3(a) corresponds to Ti, while
Figure 3(b) corresponds to Si. The mask Ms

i is obtained
by thresholding the final residual transmittance of the syn-
thesized image. Indeed, in Gaussian splatting, the color of
pixel pj is obtained by front-to-back alpha compositing of
the splats’ colors c j

k weighted by their opacities 𝛼 j
k ∈ [0, 1]

and the residual transmittance T j
k ∈ [0, 1]. The opacity 𝛼

j
k is

given by the value of the 2D Gaussian associated with the
kth splat at pixel j, multiplied by its learned opacity:

pj =
Nj∑

k=1

T j
k 𝛼

j
k c j

k, (1)

where Nj is the number of splats contributing to pixel j, and

T j
k =

∏
h<k

(
1 − 𝛼

j
h

)
, (2)

with splats ordered by increasing depth.

Intuitively, Trj
k measures the residual mass of the pixel

j available to be filled after the accumulation of the first
k − 1 contributions; when the rendering process is ter-
minated TrN ≈ 1 on background pixels, while on pixels
representing the object TrN ≪ 1. Therefore, a clean fore-
ground–background separation for the synthesized image is
obtained by thresholding Tr.

To obtain Mt
i , a BiRefNet51 architecture is used.

BiRefNet is a zero-shot model for dichotomous image
segmentation, designed to separate foreground from back-
ground. Then Ms

i and Mt
i are fuzed by a pixel-wise logical

OR to obtain the final mask Mi = Ms
i ∨ Mt

i , which specifies
the region over which anomaly detection is performed when
comparing the test and synthesized images. In the proposed
example, Figure 3(c) corresponds to Mi.

This is still not sufficient, as residual errors depend on
mask accuracy. In particular, if the mask spills beyond the
foreground object, the comparison will include background
regions, which may be detected as false anomalies. To
mitigate this issue, an inpainting strategy is applied to sup-
press background content within the comparison region.
Specifically, the test image Ti is processed using the LaMa
model,52 which removes the object and reconstructs the
underlying background. The inpainting region is defined
by the mask Mt

i . Once background reconstruction is com-
plete, the anomaly-free object from the synthesized image
Si is extracted using Ms

i and composited onto the recon-
structed background, yielding Saug

i . In the proposed exam-
ple Figure 3(d) corresponds to Saug

i .
Finally, the anomaly detection is performed between Ti

and Saug
i restricted to the region defined by Mi. Figure 3(e)

shows the detected anomaly in the proposed example.

3.3 Implementation
As described in SplatPose+, an SfM model is built from
the training images to initialize Gaussian splatting and
to localize test images, using NetVLAD53 for retrieval,
SuperPoint54 and LightGlue55 for matching, and hloc50 for
triangulation. The Gaussian splatting model is subsequently
trained under the same settings, with 15000 iterations, a
densification interval of 1000 iterations, and a spherical
harmonics degree of 3.

Anomaly detection is performed as in OmniposeAD,18

where features are extracted using a pre-trained backbone
(EfficientNet56) on both the synthesized reference and the
test image. In this work, however, the comparison is car-
ried out using the normalized L1 distance between paired
features at each of the five layers, which is less sensitive
to noise than the L2 metric adopted in OmniposeAD. All
resulting maps are resized to 224 × 224, summed across
layers, Gaussian-smoothed, and normalized to obtain the
pixel-wise anomaly map. The image-level anomaly score
is the maximum value of this map.
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Figure 2. Left: (a) Removed part (mirror) visible against the background (red box). Right: (b) Added defect visible against the
background (red box).

Figure 3. From left to right: (a) test image with the anomaly highlighted (box); (b) synthetic normal image; (c) foreground mask; (d)
inpainted normal object on the reconstructed background; (e) anomaly detection image.

For background reconstruction with LaMa, the inpaint-
ing region is obtained by dilating the mask Mt

i by 5 pixel.
Indeed, dilating the mask avoids operating exactly on the
object boundary, where recovering the underlying back-
ground is more difficult. After reconstruction, anomaly
detection compares Ti with Saug

i . In principle, this compar-
ison could be performed over the entire image, since the
anomaly-free object is composited onto the reconstructed
background. However, because the inpainted region is
dilated and the reconstruction, while generally accurate,
may still contain local imperfections, evaluating every-
where could introduce false anomalies due to inpainting
artifacts. To minimize such effects, the comparison is
restricted to the minimal necessary region, namely the
mask Mi.

3.4 Dataset

The dataset used in this work was developed in Blender,57

which enables the creation of consistent industrial scenar-
ios.

Following the approach introduced in the MAD dataset,
the proposed dataset was built using LEGO-based mod-
els specifically designed by expert modelers, who provided
the original, defect-free base structures. Nine distinct vehi-
cle models were employed which are police car, coupe
car, amphibious car, off-road car, tank, desert car, truck,
loader and racing car; these models were chosen to repre-
sent objects with increasing structural complexity. While
simpler models such as the coupe exhibits compact and
mostly closed shapes, the amphibious car, the tank, the
truck, the loader, the off-road car, the racing car, the desert
car introduce more intricate geometries, and the police car
model features a high number of detailed parts and open
regions. This progression from simple to complex shapes
not only increases the number of components but also intro-
duces concave and perforated structures, where background
visibility through small openings may occur, potentially
leading to false positives in anomaly detection.

For each class, corresponding to one vehicle model,
100 defect-free training images were rendered with known
intrinsic and extrinsic camera parameters defining the pose
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Table 1. Percentage of anomalous test images per class.

Anomalous (%)

Amphibious car 44
Coupe car 45
Police car 41
Tank car 46
Off-road car 42
Desert car 39
Loader car 36
Racing car 41
Truck car 36

P. The camera viewpoints were distributed over the visi-
ble upper hemisphere of the object which is the part not in
contact with the conveyor.

Additionally, 13 further objects per class were gener-
ated for testing and each of them was placed in a random
pose distinct from the pose of the training object. Seven of
them were modified by adding small, subtle surface defects
to simulate realistic flaws. The considered defects fall into
the categories of additions, removals, and color alterations,
which are implemented by respectively adding, deleting,
or replacing LEGO components. Specifically, for each
class, two of the modified objects exhibit color changes,
two present removed components, and three include added
components. The remaining six objects were left intact, rep-
resenting non-defective items with unseen orientations; this
setup was intended to simulate a realistic production sce-
nario in which normal items are also inspected and should
not be classified as anomalous. For each test object, 9 RGB
images at 800×800 resolution were captured with unknown
poses, and therefore a total of 117 test images were obtained
for each class. Table 1 reports, for each class, the percentage
of anomalous test images.

The modifications were intentionally kept minimal with
respect to the overall object volume, so that the proposed
method can be evaluated under challenging conditions. An
example is shown in Figure 4(a). Moreover, some anoma-
lies were made larger, especially in the case of added parts.
This choice was made to account for perspective effects:
depending on the viewpoint, anomalies may appear either
over the object or over the background as in Figure 4(b). By
introducing sufficiently large anomalies, it becomes more
likely to include cases where the added parts appear on
the background rather than always overlapping the object
itself. Indeed, if anomalies overlap just the object and not
the background, their detection is simplified, as background
clutter is eliminated.

During rendering, the test images included a realistic
background, whereas the training images were rendered
on a white background. This choice allowed the construc-
tion of reference normal models representing only the
object of interest, without the background, which would
be unnecessary and possibly misleading for the anomaly

detection stage. However, to maintain consistent illumina-
tion between the training and test data, all renders were
produced within the same scene and lighting setup; the
training objects were subsequently cropped and placed on a
white background, which is a reasonable assumption since
training data can be pre-processed offline. The background
scene consisted of a conveyor model and a textured floor,
designed to avoid monochromatic regions while keeping the
setup minimal. The conveyor was modeled as a series of
metallic plates, providing a moderately complex yet regular
texture. Moreover, for each test object, the conveyor posi-
tion was kept fixed across its rendered views but slightly
shifted between different objects, ensuring that the back-
ground pattern remained consistent within the same object
while varying across samples. This promotes generalization
and reduces background bias.

4 Experimental results
The following sections present quantitative and qualitative
evaluations comparing the proposed method with the state-
of-the-art SplatPose+.

4.1 Metrics
In accordance with prior works,18,45,47 the evaluation met-
rics includes pixel-level AUROC, AUPRO,12 and image-
level AUROC, where image-level anomaly score is defined
as the maximum of the pixel-wise anomaly map. Higher
values of pixel-level AUROC and AUPRO indicate bet-
ter localization of true anomalies, as explicitly assess the
spatial accuracy of the pixel-wise map.

While the previous metrics are threshold-free, qualita-
tive visualization and practical anomaly detection require
setting a decision threshold, which in turn enables the com-
putation of the F1-score to measure the quality of anomaly
detection at localization level. The proposed pipeline pro-
duces a soft anomaly mask at the pixel level and aggregates
it into a single image-level score by taking the maximum
value across pixels. Then, a decision threshold is selected
by maximizing the image-level F1-score. Therefore, an
image is considered anomalous if its aggregated score
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Figure 4. Left: (a) Small added defect (box). Right: (b) Added defect visible against the background (box).

exceeds this threshold; the same threshold is then applied at
pixel level, classifying pixels with scores above it as anoma-
lous. With this in mind it is possible to compute the F1-score
at the anomaly-localization level as follows. After thresh-
olding the pixel-wise anomaly map, connected components
are extracted and the same procedure is applied to the
ground-truth mask. A true positive area is counted when a
predicted connected component overlaps with any ground-
truth one. A false positive area is a predicted connected
component that does not overlap with any ground-truth one.
A false negative area is a ground-truth connected compo-
nent that does not overlap with any predicted one. Since
each image contains at most one anomaly, all its ground-
truth connected components are treated as a single anomaly
instance. Therefore, if at least one ground-truth component
is intersected by any prediction, the anomaly is counted as a
single true positive and no false negative is recorded for that
image, regardless of how many components remain uncov-
ered. Likewise, multiple predicted components overlapping
the same anomaly are still counted as a single true positive.
F1-score is then computed using the number of true posi-
tives, false positives and false negatives. The F1-score also
measures how accurate the image-level classification is;
specifically, whether an image labeled as anomalous reflects
the detection of a genuine anomaly or merely spurious,
noise-induced false positives.

4.2 Quantitative evaluation
Table 2 reports the performance of the proposed pipeline
and the per-image inference time for all nine classes, based
on experiments run on an NVIDIA RTX-A4500 GPU.
The results are reported up to the third decimal digit and
this level of precision is required especially for pixel-level
AUROC and AUPRO because the anomalous pixel class

is unbalanced relative to the non-anomalous class. High
numerical precision is therefore required to capture small
variations in the detection of fine anomalies.

To the best of the authors’ knowledge, all existing meth-
ods addressing the PAD problem assume that backgrounds
are removed from test images. A direct comparison with
such approaches would therefore be misleading, as their
performance is expected to degrade substantially under
the proposed setting, which includes background clutter.
Then, to obtain a meaningful point of reference to the
state-of-the-art SplatPose+, the comparison is conducted by
evaluating SplatPose+ on a simplified dataset with same
objects and poses, but with backgrounds removed, whereas
the proposed pipeline is evaluated on the original dataset
that retains background clutter. The results show that the
proposed pipeline attains comparable performance to Splat-
Pose+ in this setting, indicating that any remaining gap is
not due to the background-handling challenge addressed
by the pipeline, but reflects difficulty intrinsic to the task
even under simplified conditions. The resulting scores, are
written in Table 3. Table 4 shows, instead, the per-class
F1-scores for both the proposed method and SplatPose+.
Results are reported to two decimal places, which is, in this
case, sufficiently informative.

All evaluations are averaged over multiple runs of the
same pipeline and results are reported as mean and standard
deviation. The variability is intrinsic to the Gaussian splat-
ting technique. During model optimization, new splats may
be introduced with a small degree of randomness, which
can lead to slight differences across runs even when training
on the same data.

Overall, the performances between methods are com-
parable even though the proposed method is evaluated on
original images with background clutter, unlike SplatPose+,
which is tested on background-removed images.
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Table 2. Proposed method evaluation results and inference times.

p-AUROC AUPRO i-AUROC i-time (s)

Amphibious car 0.999 ± 0.000 0.994 ± 0.000 0.985 ± 0.002 1.7 ± 0.0
Coupe car 0.999 ± 0.000 0.993 ± 0.000 0.986 ± 0.001 1.7 ± 0.0
Police car 0.992 ± 0.000 0.985 ± 0.000 0.921 ± 0.006 1.7 ± 0.1
Tank car 0.999 ± 0.000 0.990 ± 0.000 0.987 ± 0.001 1.7 ± 0.0
Off-road car 0.999 ± 0.000 0.994 ± 0.000 0.981 ± 0.002 1.7 ± 0.0
Desert car 0.999 ± 0.000 0.995 ± 0.000 0.940 ± 0.003 1.7 ± 0.0
Loader car 0.999 ± 0.000 0.997 ± 0.000 0.993 ± 0.003 1.7 ± 0.0
Racing car 0.996 ± 0.000 0.977 ± 0.000 0.947 ± 0.005 1.7 ± 0.0
Truck car 0.999 ± 0.000 0.993 ± 0.000 0.972 ± 0.003 1.7 ± 0.0

Note: Anomaly detection metrics: pixel-wise AUROC (p-AUROC), AUPRO, image-wise AUROC (i-AUROC) and image inference time (i-time) in
seconds.

Table 3. SplatPose+a results.

p-AUROC AUPRO i-AUROC i-time (s)

Amphibious car 0.999 ± 0.000 0.994 ± 0.000 0.989 ± 0.002 0.9 ± 0.0
Coupe car 0.999 ± 0.000 0.991 ± 0.000 0.992 ± 0.001 0.9 ± 0.0
Police car 0.999 ± 0.000 0.993 ± 0.000 0.921 ± 0.011 0.9 ± 0.0
Tank car 0.998 ± 0.000 0.984 ± 0.000 0.977 ± 0.002 0.9 ± 0.0
Off-road car 0.999 ± 0.000 0.993 ± 0.000 0.986 ± 0.001 0.9 ± 0.0
Desert car 0.999 ± 0.000 0.994 ± 0.000 0.961 ± 0.001 0.9 ± 0.0
Loader car 0.999 ± 0.000 0.996 ± 0.000 0.993 ± 0.004 0.9 ± 0.0
Racing car 0.998 ± 0.000 0.989 ± 0.000 0.956 ± 0.003 0.9 ± 0.0
Truck car 0.999 ± 0.000 0.994 ± 0.000 0.981 ± 0.002 0.9 ± 0.0

Note: Anomaly detection metrics: pixel-wise AUROC (p-AUROC), AUPRO, image-wise AUROC (i-AUROC) and image inference time (i-time) in
seconds.
aEvaluated on images with the background removed.

Table 4. Per-class F1-scores for the proposed method and SplatPose+a.

Proposed method SplatPose+

Amphibious car 0.92 ± 0.01 0.95 ± 0.01
Coupe car 0.94 ± 0.00 0.98 ± 0.00
Police car 0.79 ± 0.02 0.78 ± 0.04
Tank car 0.92 ± 0.01 0.93 ± 0.01
Off-road car 0.92 ± 0.01 0.90 ± 0.02
Desert car 0.83 ± 0.02 0.83 ± 0.02
Loader car 0.95 ± 0.02 0.93 ± 0.02
Racing car 0.88 ± 0.02 0.89 ± 0.01
Truck car 0.88 ± 0.02 0.94 ± 0.01

aEvaluated on images with the background removed.

The easiest class, coupe car, achieves the best results,
as expected, since it is relatively compact and lacks small
holes or irregularities in its shape that could degrade the
anomaly detection performance.

Conversely, complex objects, such as the police car
present fine structural details like small open regions that
make accurate detection more challenging, lowering the
scores. More specifically, concave regions and small holes
may be incorrectly detected by BiRefNet as part of the
object rather than as background. In such cases, LaMa is
employed to mitigate this issue; however, when holes are

located within the object and are very small, the inpainting
technique may still be insufficient to accurately reconstruct
the background in these regions, as shown in Figure 6.
These aspects represent the main limitations of the pro-
posed pipeline. However, SplatPose+ also exhibits limi-
tations when dealing with small holes or concavities, as
illustrated in Figure 6. In particular, the Gaussian splatting
technique may fail to accurately reconstruct small holes and
cavities during training; as a consequence, during anomaly
detection, these regions can be incorrectly identified as
anomalous, leading to false positives.
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Figure 5. Examples for each class. Top row: testing images. Middle row: synthetic normal images. Bottom row: image with detected
anomaly.

The results may appear sometimes slightly inconsistent,
since for some classes a higher image-level AUROC does
not necessarily correspond to a higher F1-score. This is due
to the fact that image-level AUROC disregards anomaly
localization and can be affected by noise.

Regarding computational time, the background subtrac-
tion stage implemented using the LaMa and BiRefNet
modules introduces an average inference time of approx-
imately 0.8 seconds per class. This is consistent with the
results reported in Tables 2 and 3, where the last column
shows a difference of 0.8 seconds between the proposed
pipeline and SplatPose+.

4.3 Qualitative evaluation

The masked regions in the bottom row of Figure 5 indi-
cate anomalous pixels obtained by applying the previously
defined decision threshold, while the first and second rows
show the test images and the synthesized normal images,
respectively. Figure 6 highlights, within boxes, examples of
false positives and false negatives for the proposed method
in the first row and for SplatPose+ in the second row;
the third row displays the ground-truth masks. The images
show that both approaches can produce spurious or missing
detections.

4.4 Ablation study

Finally, two ablation studies are conducted. The first ana-
lyzes the impact of the LaMa inpainting and BiRefNet
segmentation modules. The second reports the results
obtained by running the proposed pipeline on background-
free images, following the SplatPose+ setting.

Table 6 reports results obtained when comparing test
and reference images only within the object mask of the
synthesized normal image, which is the mask derived
from residual transmittance. Performance remains strong
because, in many views, anomalies are small and lie well
inside the object rather than near its boundaries, mak-
ing this mask sufficient in numerous cases. However, this
cannot always be assumed: in worst-case scenarios where
anomalies occur on the border, restricting the compari-
son to the synthesized mask misses relevant regions. In
such cases, the full proposed pipeline is required to recover
the complete comparison area. Consistently, Table 2 shows
improved results, as it also addresses the border cases dis-
cussed above. Table 5 reports the F1-score performance and
should be compared with the first column of Table 4. For
classes such as amphibious car and coupe car, the results
are essentially comparable across methods. For the remain-
ing classes, however, the proposed method attains higher
F1-scores, highlighting the improvements delivered by the
proposed approach.
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Figure 6. Qualitative comparison of detection errors. Examples of false positives and false negatives are highlighted with boxes. Top
row: proposed method; middle row: SplatPose+; bottom row: ground-truth masks.

Table 5. Per-class F1-scores obtained without employing BiRefNet and LaMa modules.

F1

Amphibious car 0.91 ± 0.01
Coupe car 0.94 ± 0.00
Police car 0.70 ± 0.04
Tank car 0.89 ± 0.01
Off-road car 0.85 ± 0.01
Desert car 0.81 ± 0.01
Loader car 0.87 ± 0.02
Racing car 0.79 ± 0.05
Truck car 0.84 ± 0.02

Table 6. Results and inference times obtained without employing BiRefNet and LaMa modules.

p-AUROC AUPRO i-AUROC i-time (s)

Amphibious car 0.993 ± 0.000 0.983 ± 0.001 0.975 ± 0.004 0.9 ± 0.0
Coupe car 0.983 ± 0.000 0.980 ± 0.000 0.988 ± 0.001 0.9 ± 0.0
Police car 0.977 ± 0.000 0.940 ± 0.002 0.873 ± 0.009 0.9 ± 0.0
Tank car 0.956 ± 0.000 0.956 ± 0.000 0.974 ± 0.002 0.9 ± 0.0
Off-road car 0.971 ± 0.000 0.916 ± 0.001 0.911 ± 0.006 0.9 ± 0.0
Desert car 0.989 ± 0.001 0.961 ± 0.002 0.907 ± 0.005 0.9 ± 0.0
Loader car 0.979 ± 0.001 0.938 ± 0.002 0.939 ± 0.007 0.9 ± 0.0
Racing car 0.980 ± 0.000 0.927 ± 0.001 0.899 ± 0.008 0.9 ± 0.0
Truck car 0.977 ± 0.001 0.957 ± 0.002 0.930 ± 0.007 0.9 ± 0.0

Note: Anomaly detection metrics: pixel-wise AUROC (p-AUROC), AUPRO, image-wise AUROC (i-AUROC) and image inference time (i-time) in
seconds.
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Table 7. Evaluation results of the proposed method on background-free images.

p-AUROC AUPRO i-AUROC F1

Amphibious car 0.999 ± 0.000 0.993 ± 0.000 0.983 ± 0.002 0.91 ± 0.02
Coupe car 0.999 ± 0.000 0.991 ± 0.000 0.991 ± 0.001 0.92 ± 0.01
Police car 0.999 ± 0.000 0.992 ± 0.000 0.920 ± 0.008 0.79 ± 0.04
Tank car 0.999 ± 0.000 0.984 ± 0.000 0.980 ± 0.002 0.92 ± 0.02
Off-road car 0.999 ± 0.000 0.992 ± 0.000 0.987 ± 0.001 0.90 ± 0.02
Desert car 0.999 ± 0.000 0.993 ± 0.000 0.958 ± 0.002 0.86 ± 0.00
Loader car 0.999 ± 0.000 0.996 ± 0.000 0.993 ± 0.003 0.96 ± 0.01
Racing car 0.999 ± 0.000 0.990 ± 0.000 0.961 ± 0.005 0.88 ± 0.01
Truck car 0.999 ± 0.000 0.993 ± 0.000 0.979 ± 0.004 0.93 ± 0.02

Note: Anomaly detection metrics: pixel-wise AUROC (p-AUROC), AUPRO, image-wise AUROC (i-AUROC) and F1-score.

Table 7 reports the usual performance metrics of the pro-
posed pipeline when applied to background-free images.
The results are comparable to those obtained on images
with background and to the performance achieved by Splat-
Pose+ on background-free images.

5 Conclusion
A dataset for pose-agnostic anomaly detection was intro-
duced to reflect realistic industrial inspection conditions
by incorporating a realistic, yet synthetic, cluttered back-
ground, along with a pipeline engineered by integrating
existing modules such as SplatPose+, LaMa, and BiRefNet
to address the practical constraints inherent in the data The
proposed method is able to detect anomalies, although some
aspects remain unresolved.

A primary issue concerns the image-level decision rule.
Small amounts of random noise can produce false positives,
because nothing prevents the noise features from exhibit-
ing large magnitude differences relative to normality. Since
the aggregation uses the maximum across pixel scores,
a single spurious peak can cause a normal image to be
classified as anomalous. Similar failures arise in small sur-
face holes. These regions are difficult to separate from the
object, often lie within the object silhouette, and are com-
pared against non-anomalous exemplars that exhibit blank
white backgrounds in those holes. This mismatch can intro-
duce false positives. The proposed pipeline limits many
of these cases, but performance is not yet perfect. Further
investigation is required to refine these borderline scenar-
ios and to improve robustness. Moreover, the computational
time could be improved, and further research is needed to
reduce it.

This work has some limitations, most notably the fact
that the proposed approach is evaluated in a controlled syn-
thetic environment. As a result, there is room for future
work aimed at developing a pipeline that is closer to real
industrial scenarios, where noise is more pronounced. Fur-
thermore, illumination conditions, which were assumed to
be uniform in this study, should be addressed in future work
to reduce sensitivity to lighting changes and to variability

arising from the temporal degradation of equipment and
environmental conditions.
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