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Abstract

3D point cloud anomaly detection is essential for
robust vision systems but is challenged by pose varia-
tions and complex geometric anomalies. Existing patch-
based methods often suffer from geometric fidelity is-
sues due to discrete voxelization or projection-based
representations, limiting fine-grained anomaly localiza-
tion. We introduce Pose-Aware Signed Distance Field
(PASDF), a novel framework that integrates 3D anomaly
detection and repair by learning a continuous, pose-
invariant shape representation. PASDF leverages a Pose
Alignment Module for canonicalization and a SDF Net-
work to dynamically incorporate pose, enabling implicit
learning of high-fidelity anomaly repair templates from
the continuous SDF. This facilitates precise pixel-level
anomaly localization through an Anomaly-Aware Scor-
ing Module. Crucially, the continuous 3D representa-
tion in PASDF extends beyond detection, facilitating in-
situ anomaly repair. Experiments on Real3D-AD and
Anomaly-ShapeNet demonstrate state-of-the-art perfor-
mance, achieving high object-level AUROC scores of
80.2% and 90.0%, respectively. These results highlight
the effectiveness of continuous geometric representations
in advancing 3D anomaly detection and facilitating prac-
tical anomaly region repair. Our code will be released to
drive further research.

1. Introduction
Automated 3D anomaly detection is rapidly becoming

vital across computer vision applications [6, 17], from

quality control in manufacturing to robust robotic ma-

nipulation. In scenarios like component inspection, even

subtle anomalies—a missing feature, deformation, or

shape irregularity—can compromise entire assemblies.

Robust 3D anomaly detection techniques, focused on

individual objects in isolation, are thus essential [16].
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Figure 1. (a) 3D representation comparison for anomaly detec-

tion: voxel-based, point-based, projection-based, and our ap-

proach with signed distance function (SDF). (b) PASDF’s con-

tinuous geometric representation enables both high-precision

anomaly localization and effective anomaly surface repair.

Existing 3D anomaly detection methods often rely on

discretized 3D representations—voxel [2], point [16,

40], or projection-based [5, 8]. While computationally

efficient, these representations inherently sacrifice fine-

grained geometric detail and introduce quantization ar-

tifacts (see Fig. 1a), critical limitations for object-level

anomaly localization. Subtle shape deviations, such as

warped surfaces or incorrectly sized features, can be

obscured by voxel grid limitations[13]. Furthermore,

voxel-based methods face cubic memory scaling with

resolution, hindering their applicability to complex, high-

resolution 3D objects. Point-based methods, though
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avoiding volumetric discretization, struggle with incon-

sistent density and incomplete surface coverage due

to sparse sampling[23, 34], while projection-based ap-

proaches suffer from information loss[12, 27] in occluded

regions and viewpoint-dependent distortions. These limi-

tations motivate a novel approach capable of capturing

global shape, robust to pose variations, and preserving

fine geometric details without discretization, specifically

for object-level anomaly identification.

Crucially, in real-world applications like 3D print-

ing and advanced manufacturing, anomaly detection is

not the end goal—anomaly repair is equally vital [28].

Identifying defects is only the first step; in-situ defect cor-

rection necessitates accurate reconstruction of the normal

object as a repair template. Conventional memory-based

anomaly detection [5, 16, 40], relying on indirect fea-

ture mappings, struggles to guide repair due to a lack

of explicit shape reconstruction and geometric fidelity.

Reconstruction-based methods, like IMRNet [14] and

R3D-AD [39], offer a more promising avenue by attempt-

ing to restore anomalous point clouds. However, their

reliance on discrete point-based representations in-
herently limits their ability to generate continuous,
high-fidelity repair templates, resulting in incomplete

reconstructions and loss of fine details, insufficient for

high-precision repair tasks.

To overcome these limitations and unify 3D anomaly
detection and repair (see Fig. 1b), we introduce Pose-

Aware Signed Distance Function (PASDF), a novel un-

supervised framework leveraging the representational

power of Signed Distance Functions (SDFs). SDFs of-

fer a smooth, continuous shape representation, inher-

ently capturing fine-grained geometric details essential

for anomaly identification and repair template generation.

PASDF’s key innovation is the explicit disentanglement

of pose and shape through a carefully designed architec-

ture. We propose a Pose-wise Alignment Module (PAM)

that robustly registers input point clouds to a learned

canonical coordinate frame before implicit SDF network

processing. This pose alignment enables the SDF net-

work to focus on intrinsic shape variations, decoupling

shape representation from pose artifacts and mitigating

the confounding effects of arbitrary object poses. By

learning a canonicalized SDF representation, PASDF ef-

fectively captures global geometric context and detects

subtle anomalies missed by local feature methods, while

simultaneously generating a high-fidelity repair template.

Finally, we demonstrate PASDF’s ability to visually

identify anomalous objects with subtle shape deviations

or missing components, even in arbitrary poses, such as

detecting a missing mug handle or warped surface on a

manufactured part—challenges for voxel-based methods

due to quantization and pose variations. Rigorous evalu-

ations on Real3D-AD and Anomaly-ShapeNet datasets

showcase state-of-the-art object-level anomaly detection

performance. Notably, PASDF achieves a 5% O-AUROC

improvement on Real3D-AD over prior works, highlight-

ing its superior object-level anomaly identification.

Our contributions are summarized as follows:
• We propose PASDF, an unsupervised object-level 3D

anomaly detection and repair framework via pose-

aware SDFs, achieving high performance and robust-

ness to pose variance of test cases.

• We introduce PAM, a point cloud registration mod-

ule enabling pose-invariant learning and eliminating

discretization accuracy loss.

• We demonstrate SOTA object-level 3D anomaly detec-

tion on Real3D-AD and Anomaly-ShapeNet datasets,

accompanied by compelling qualitative results and a ca-

pability for high-quality object template reconstruction

which facilitates in-situ anomaly repair.

2. Related Work
3D Anomaly Detection. Unsupervised 3D anomaly

detection [1, 11, 30, 36, 37] is critical for applications

like quality control and robotics, but 3D data’s sparsity,

high dimensionality, noise, and arbitrary poses pose chal-

lenges. Many methods use local geometric features and

3D descriptors with KNN [13], but are noise-sensitive

and lack global context. Reconstruction-based methods

(e.g., IMRNet [14]) struggle with fine details and are com-

putationally expensive. Teacher-student networks [1] re-

quire pose consistency. Methods like AST [26] miss sub-

tle object anomalies. Multimodal (e.g., M3DM [32]) and

memory-augmented (e.g., CPMF [5]) methods improve

representations but remain local and lack explicit pose

handling. EasyNet [7] has a limited receptive field, re-

stricting global shape understanding. A key limitation is

reliance on local features or explicit engineering, causing

brittleness to pose variations and hindering generaliza-

tion. More complex self-supervised (e.g., R3D-AD [39])

and memory-based (e.g., Reg3D [16], Group3AD [40])

methods improve generalizability but are computation-

ally expensive. Directly modeling object geometry offers

greater robustness.

Implicit 3D Representation. Implicit representations,

such as Signed Distance Functions (SDFs) [22] and occu-

pancy fields [20], offer compact and continuous descrip-

tions of 3D surfaces, enabling smooth and topologically

flexible shape modeling. They have been applied in shape

reconstruction [20, 22], completion [9, 10], and novel

view synthesis [18, 38]. Unlike explicit representations

(e.g., voxel grids, point clouds, meshes), implicit meth-

ods capture fine-grained geometric details without reso-

lution restrictions. Neural Radiance Fields (NeRF) [21]

extend implicit representations to volumetric rendering,

but their reliance on dense image supervision and high
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Figure 2. Overview of Pose-Aware Signed Distance Function (PASDF) for 3D Anomaly Detection. A normal point cloud is

selected as the Canonical Pose, and all training and test point clouds are aligned to it via the Pose-wise Alignment Module. Query

points are categorized as surface ( ), outside ( ), or inside ( ). Their coordinates, enriched with positional encoding, form the

feature z, which serves as input to the SDF network φ. During training, a clamped L1 loss is applied, while at inference, deviations

from learned SDF values are used for anomaly scoring.

computational cost limits their applicability to sparse

3D point clouds. Existing 3D anomaly detection meth-

ods [2, 5, 8, 14, 16] often use discrete representations,

struggling with fine details and resolution inconsistencies.

We propose an implicit SDF-based approach to address

these limitations, leveraging the continuous surface rep-

resentation of SDFs to preserve global shape consistency

and enable accurate anomaly detection and repair.

3D Anomaly Repair. 3D anomaly repair is crucial for

quality assurance in additive manufacturing (AM), en-

suring fabricated parts meet geometric and mechanical

integrity standards [33]. Traditional open-loop AM pro-

cesses [29, 35] often result in defects due to material de-

position inconsistencies, degrading part quality. Closed-

loop AM systems [15, 24], integrating in-situ 3D scan-

ning with automated defect detection and correction [28],

address this issue. Unlike conventional anomaly detec-

tion methods [5, 16, 40] relying on indirect feature map-

pings, our PASDF algorithm uses SDF values for direct

geometric reasoning, computing anomaly scores. This

enables direct 3D anomaly repair, bridging detection and

correction within a unified framework.

3. Method
3.1. Problem Statement
Unsupervised Anomaly Detection. Let X ⊂ R

M×3

denote the space of 3D point clouds, where each point

cloud Q ∈ X consists of M points in R
3. Given a

category c, the goal of unsupervised 3D point cloud

anomaly detection is to learn a scoring function from

a training set composed of normal samples. Formally,

let Sc = {Qi}Ni=1 represent the training set for each cat-

egory c, where Qi ∈ X is a normal point cloud. The

task is to learn a scoring function ψ : X → R
M that

maps an input point cloud Q ∈ X to a vector of anomaly

scores, a = ψ(Q) ∈ R
M . Each element aj ∈ a repre-

sents the anomaly score for the j-th point in the input

point cloud Q. The anomaly scores a ∈ R
M enable:

1) detection of object-level anomalies through aggrega-

tion: Aobject(Q) = Aggregate(ψ(Q)), and 2) location

of pixel-level anomalies using point-level scores aj .

Anomaly Repair. The objective of anomaly repair is to

learn a repair function R : X → X that maps an input

point cloud (anomalous) Q′ to a repaired point cloud

Qrepaired: Qrepaired = R(Q′).

3.2. Theoretical Modeling and Intuition
We employ canonical regularization to disentangle
pose and shape for robust 3D anomaly detection. Given

a 3D point cloud Q ∈ X , where X ⊂ R
M×3, we assess

the likelihood of a test sample Qtest conforming to the

normal shape distribution Sc. To ensure pose invariance,

we model this likelihood as:

p(Q ∈ Sc) =

∫
SE(3)

p(Q|S, T )p(S ∈ Sc)p(T )dT,

(1)

where S is the intrinsic shape, T ∈ SE(3) is the pose,

and p(Q|S, T ) is the likelihood of observing Q given S
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Algorithm 1 Pose-wise Alignment Module

Require: Source point cloud S, Target point cloud T ,

Voxel size v, Loss threshold τ , Max iterations K
Ensure: Aligned point cloud Saligned

1: Initialize transformation matrix T ← I
2: Initialize iteration counter k ← 1
3: while k ≤ K do
4: S ′, T ′ ← Downsample(S, T , v)
5: FS ,FT ← Compute_FPFH(S ′, T ′)
6: Transac ← RANSAC(S ′, T ′,FS ,FT )
7: Ticp ← ICP(S, T , Transac)
8: T ← Ticp · Transac · T
9: Saligned ← Transform(S, Ticp)

10: Compute Chamfer Loss L
11: if L < τ then
12: break
13: else
14: τ ← τ +Δτ
15: end if
16: k ← k + 1
17: end while
18: return Saligned

and T . We approximate this integral by aligning Qtest to

a canonical pose via:

T ∗ = argmin
T∈SE(3)

d(T (Qtest), T ), (2)

where T ∈ X is a reference shape and d(·, ·) is a dis-

tance metric. This alignment yields Q′test = T ∗(Qtest),
enabling anomaly detection based on intrinsic shape vari-

ations while mitigating pose effects.

3.3. Pipeline Overview

We propose an unsupervised 3D point cloud anomaly

detection method that learns a consistent, pose-invariant

geometric representation via a pose-aligned SDF net-

work. As shown in Fig. 2, our pipeline consists of three

key stages: 1) Pose-wise Alignment Module (PAM):
This module aligns input point clouds to a canonical co-

ordinate frame, mitigating pose variations. 2) Signed
Distance Function (SDF) network: The aligned point

clouds are implicitly represented using a SDF network,

mapping 3D coordinates (with positional encoding) to

signed distances for a smooth and flexible shape represen-

tation. 3) Anomaly Score Calculation: At inference, the

trained SDF network predicts signed distances for test

point clouds, with deviations from expected values serv-

ing as point-level anomaly scores, which are aggregated

for object-level detection and pixel-level localization.

3.4. Pose-wise Alignment Module
The PAM estimates the optimal rigid transformation

T ∗ ∈ SE(3) that aligns the input point cloud S to the

target point cloud T , minimizing a distance metric:

T ∗ = argmin
T∈SE(3)

d(T (S), T ). (3)

The PAM integrates global feature-based coarse align-

ment with local iterative refinement. The process begins

by downsampling S and T using voxel grids of size vsize:

S ′ = DownSample(S, v),
T ′ = DownSample(T , v),

(4)

followed by Fast Point Feature Histogram (FPFH) ex-

traction, where FS and FT denote the extracted FPFH

feature sets for the downsampled source S ′ and target

T ′, respectively. Global coarse registration is performed

using RANSAC[4] with dual consistency checks:

Transac = argmin
T

∑
(pi,qj)∈C

‖T (pi)− qj‖2, (5)

where C denotes FPFH-generated correspondences.

The Iterative Closest Point (ICP) algorithm[3] refines

the coarse alignment:

Ticp = argmin
T

∑
pi∈S

min
qj∈T

‖T (pi)− qj‖22, (6)

To avoid local minima, a Chamfer distance-driven feed-

back mechanism is introduced:

Lchamfer =
1

|S ′|
∑

pi∈S′
min
qj∈T ′

‖pi − qj‖22

+
1

|T ′|
∑

qj∈T ′
min
pi∈S′

‖qj − pi‖22.
(7)

The cumulative transformation is iteratively updated via:

T (k) = T
(k)
icp · T (k)

ransac · T (k−1), k = 1, 2, . . . ,K (8)

where k is the iteration number. The loss threshold τ (k)

is dynamically adapted based on the current Chamfer

distance. The iteration terminates if L(k)
chamfer < τ (k) or

reaching K iterations. See Alg. 1 for details.

3.5. Signed Distance Functions Learning
After pose alignment, we represent the shape of each ob-

ject using a Signed Distance Function (SDF) fθ : R3 →
R, which maps a 3D coordinate x ∈ R

3 to its signed

distance from the object’s surface. The SDF is parame-

terized by a neural network with parameters θ.

To train the SDF network, we sample query points in

the vicinity of the aligned point clouds, categorizing them
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(a) O-AUROC ↑ Airplane Car Candy Chicken Diamond Duck Fish Gemstone Seahorse Shell Starfish Toffees Mean

BTF(Raw) 0.730 0.647 0.539 0.789 0.707 0.691 0.602 0.686 0.596 0.396 0.530 0.703 0.635

BTF(FPFH) 0.520 0.560 0.630 0.432 0.545 0.784 0.549 0.648 0.779 0.754 0.575 0.462 0.603

M3DM(PointBERT) 0.407 0.506 0.442 0.673 0.627 0.466 0.556 0.617 0.494 0.577 0.528 0.562 0.538

M3DM(PointMAE) 0.434 0.541 0.552 0.683 0.602 0.433 0.540 0.644 0.495 0.694 0.551 0.450 0.552

PatchCore(FPFH) 0.882 0.590 0.541 0.837 0.574 0.546 0.675 0.370 0.505 0.589 0.441 0.565 0.593

PatchCore(FPFH+Raw) 0.848 0.777 0.626 0.853 0.784 0.628 0.837 0.359 0.767 0.663 0.471 0.570 0.682

PatchCore(PointMAE) 0.726 0.498 0.663 0.827 0.783 0.489 0.630 0.374 0.539 0.501 0.519 0.585 0.594

RegAD 0.716 0.697 0.685 0.852 0.900 0.584 0.915 0.417 0.762 0.583 0.506 0.827 0.704

IMRNet 0.762 0.711 0.755 0.780 0.905 0.517 0.880 0.674 0.604 0.665 0.674 0.774 0.725

Group3AD 0.744 0.728 0.847 0.786 0.932 0.679 0.976 0.539 0.841 0.585 0.562 0.796 0.751

PASDF(Ours) 0.628 0.959 0.788 0.739 0.894 0.658 0.989 0.634 1.000 0.850 0.617 0.866 0.802

(b) P-AUROC ↑ Airplane Car Candy Chicken Diamond Duck Fish Gemstone Seahorse Shell Starfish Toffees Mean

BTF(Raw) 0.564 0.647 0.735 0.609 0.563 0.601 0.514 0.597 0.520 0.489 0.392 0.623 0.571

BTF(FPFH) 0.738 0.708 0.864 0.735 0.882 0.875 0.709 0.891 0.512 0.571 0.501 0.815 0.733

M3DM(PointBERT) 0.523 0.593 0.682 0.790 0.594 0.668 0.589 0.646 0.574 0.732 0.563 0.677 0.636

M3DM(PointMAE) 0.530 0.607 0.683 0.735 0.618 0.678 0.600 0.654 0.561 0.748 0.555 0.679 0.637

PatchCore(FPFH) 0.471 0.643 0.637 0.618 0.760 0.430 0.464 0.830 0.544 0.596 0.522 0.411 0.577

PatchCore(FPFH+Raw) 0.556 0.740 0.749 0.558 0.854 0.658 0.781 0.539 0.808 0.753 0.613 0.549 0.680

PatchCore(PointMAE) 0.579 0.610 0.635 0.683 0.776 0.439 0.714 0.514 0.660 0.725 0.641 0.727 0.642

RegAD 0.631 0.718 0.724 0.676 0.835 0.503 0.826 0.545 0.817 0.811 0.617 0.759 0.705

R3D-AD 0.730 0.647 0.539 0.789 0.707 0.691 0.602 0.686 0.596 0.396 0.530 0.703 0.635

Group3AD 0.636 0.745 0.738 0.759 0.862 0.631 0.836 0.564 0.827 0.798 0.625 0.803 0.735

PASDF(Ours) 0.777 0.802 0.546 0.768 0.699 0.782 0.837 0.654 0.887 0.648 0.703 0.838 0.745

Table 1. Anomaly detection results on Real3D-AD dataset, measured by (a) O-AUROC (↑) and (b) P-AUROC (↑). The best and

second-best results are marked in bold and underlined, respectively. Our method achieves the best performance on both metrics.

into surface, external, and internal points. For each query

point xi, we compute a positional encoding γ(xi) ∈ R
d

using a sinusoidal encoding function. The SDF network

predicts the signed distance value for each query point:

ŝi = fθ(γ(xi)). (9)

The network is trained to minimize a clamped L1 loss:

LSDF =
1

Nq

Nq∑
i=1

|clamp(ŝi,−dmax, dmax)−si|, (10)

where si is the ground truth signed distance, dmax is

a clamping distance, and Nq is the number of query

points. Ground truth signed distances are computed using

a nearest neighbor search on the aligned point cloud.

3.6. Anomaly Score Calculation
Given a trained SDF network fθ, we define an anomaly

score that quantifies the deviation of a test point cloud

from the learned normal shape distribution. For a test

point cloud Qtest, we first align it using the PAM, result-

ing in Q′
test. We then directly input the surface points of

Q′
test into the trained SDF network.

The anomaly score for each surface point xj is com-

puted as the absolute value of the predicted SDF:

A(xj) = |fθ(xj)|. (11)

To obtain the object-level anomaly score, we first se-

lect the top-K highest anomaly scores among all points:

Aobject(Qtest) =
1

K

∑
j∈TK

A(xj), (12)

where TK denotes the indices of the top-K points with

the highest anomaly scores.

3.7. Anomaly Repair via Learned SDF
The learned SDF network, fθ, implicitly represents the

‘normal’ shape manifold. This allows for the direct gen-

eration of a repaired point cloud, Qrepaired, given an

anomalous input, Q′. The repair procedure is as follows:

First, Q′ is aligned to the canonical pose via the Pose-

wise Alignment Module, resulting in Q′
aligned. Subse-

quently, the zero-level set of fθ is extracted using the

Marching Cubes algorithm [19]. This is performed on

a 3D grid that encompasses Q′
aligned, producing a tri-

angular mesh that approximates the surface defined by

fθ(x) = 0. Finally, a repaired point cloud, Qrepaired, is

obtained by sampling points from this mesh. The process

can be formalized as:

Qrepaired = SamplePoints(MarchingCubes(fθ, grid, 0))
(13)

where MarchingCubes extracts the zero-level isosurface

of fθ evaluated on the specified ‘grid’, and SamplePoints

generates the point cloud from the resulting mesh.

4. Experiments
4.1. Experimental Settings
Datasets. We evaluate our method on two benchmark

datasets: Real3D-AD [16] and Anomaly-ShapeNet [14].

• Real3D-AD is a high-resolution real-world dataset

with 12 categories, each containing 4 normal train-
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Method cap0 cap3 helmet3 cup0 bowl4 vase3 headset1 eraser0 vase8 cap4 vase2 vase4 helmet0 bucket1 vase7 helmet2 cap5 shelf0 bowl5 bowl3 helmet1

BTF (Raw) 0.668 0.527 0.526 0.403 0.664 0.717 0.515 0.525 0.424 0.468 0.410 0.425 0.553 0.321 0.448 0.602 0.373 0.164 0.417 0.385 0.349
BTF(FPFH) 0.618 0.522 0.444 0.586 0.609 0.699 0.490 0.719 0.668 0.520 0.546 0.510 0.571 0.633 0.518 0.542 0.586 0.609 0.699 0.490 0.719
M3DM 0.557 0.423 0.374 0.539 0.464 0.439 0.617 0.627 0.663 0.777 0.737 0.476 0.526 0.501 0.657 0.623 0.639 0.564 0.409 0.617 0.427
Patchcore(FPFH) 0.580 0.453 0.404 0.600 0.494 0.449 0.637 0.657 0.662 0.757 0.721 0.506 0.546 0.551 0.693 0.425 0.790 0.494 0.558 0.537 0.484
Patchcore(PointMAE) 0.589 0.476 0.424 0.610 0.501 0.460 0.627 0.677 0.663 0.727 0.741 0.516 0.556 0.561 0.650 0.447 0.538 0.523 0.593 0.579 0.552
CPMF 0.601 0.551 0.520 0.497 0.683 0.582 0.458 0.689 0.529 0.553 0.582 0.514 0.555 0.601 0.397 0.462 0.697 0.685 0.685 0.658 0.589
RegAD 0.693 0.725 0.367 0.510 0.663 0.650 0.610 0.343 0.620 0.643 0.605 0.500 0.600 0.752 0.462 0.614 0.467 0.688 0.593 0.348 0.381
IMRNet 0.737 0.775 0.573 0.643 0.676 0.700 0.676 0.548 0.630 0.652 0.614 0.524 0.597 0.771 0.635 0.641 0.652 0.603 0.710 0.599 0.600
R3D-AD 0.822 0.730 0.707 0.776 0.744 0.742 0.795 0.890 0.721 0.681 0.752 0.630 0.757 0.756 0.771 0.633 0.670 0.696 0.656 0.767 0.720

PASDF(Ours) 0.852 0.649 0.846 0.971 0.933 0.806 0.795 0.952 0.924 0.646 1.000 0.912 0.812 0.775 1.000 0.765 0.853 0.713 0.912 1.000 0.938

Method bottle3 vase0 bottle0 tap1 bowl0 bucket0 vase5 vase1 vase9 ashtray0 bottle1 tap0 phone cup1 bowl1 headset0 bag0 bowl2 jar0 Mean

BTF(Raw) 0.568 0.531 0.597 0.573 0.564 0.617 0.585 0.549 0.564 0.578 0.510 0.525 0.563 0.521 0.264 0.378 0.410 0.525 0.420 0.493

BTF(FPFH) 0.322 0.342 0.344 0.546 0.509 0.401 0.409 0.219 0.268 0.420 0.546 0.560 0.671 0.610 0.668 0.520 0.546 0.510 0.424 0.528

M3DM 0.541 0.423 0.574 0.739 0.634 0.309 0.317 0.427 0.663 0.577 0.637 0.754 0.357 0.556 0.663 0.577 0.537 0.684 0.441 0.552

Patchcore(FPFH) 0.572 0.455 0.604 0.766 0.504 0.469 0.417 0.423 0.660 0.587 0.667 0.753 0.388 0.586 0.639 0.583 0.571 0.615 0.472 0.568

Patchcore(PointMAE) 0.650 0.447 0.513 0.538 0.523 0.593 0.579 0.552 0.629 0.591 0.601 0.458 0.488 0.556 0.629 0.591 0.601 0.458 0.483 0.562

CPMF 0.405 0.451 0.520 0.697 0.783 0.482 0.618 0.345 0.609 0.353 0.482 0.359 0.509 0.499 0.639 0.643 0.643 0.625 0.610 0.559

RegAD 0.525 0.533 0.486 0.641 0.671 0.610 0.520 0.702 0.594 0.597 0.695 0.676 0.414 0.538 0.525 0.537 0.706 0.490 0.592 0.572

IMRNet 0.640 0.533 0.552 0.696 0.681 0.580 0.676 0.757 0.594 0.671 0.700 0.676 0.755 0.757 0.702 0.720 0.660 0.685 0.780 0.661

R3D-AD 0.781 0.788 0.733 0.900 0.819 0.683 0.757 0.729 0.718 0.833 0.737 0.736 0.762 0.757 0.778 0.738 0.720 0.741 0.838 0.749

PASDF(Ours) 1.000 1.000 1.000 0.793 1.000 0.968 1.000 0.929 0.836 1.000 1.000 0.882 1.000 0.857 0.948 1.000 0.995 1.000 1.000 0.900

Table 2. O-AUROC score (↑) on Anomaly-ShapeNet dataset. The best and second-best results are marked in bold and underlined.

Method cap0 cap3 helmet3 cup0 bowl4 vase3 headset1 eraser0 vase8 cap4 vase2 vase4 helmet0 bucket1 vase7 helmet2 cap5 shelf0 bowl5 bowl3 helmet1

BTF(Raw) 0.524 0.687 0.700 0.632 0.563 0.602 0.475 0.637 0.550 0.469 0.403 0.613 0.504 0.686 0.578 0.605 0.373 0.464 0.517 0.685 0.449
BTF(FPFH) 0.730 0.658 0.724 0.790 0.679 0.699 0.591 0.719 0.662 0.524 0.646 0.710 0.575 0.633 0.540 0.643 0.586 0.619 0.699 0.690 0.749
M3DM 0.531 0.605 0.655 0.715 0.624 0.658 0.585 0.710 0.551 0.718 0.737 0.655 0.599 0.699 0.517 0.623 0.655 0.554 0.489 0.657 0.427
Patchcore(FPFH) 0.472 0.653 0.737 0.655 0.720 0.430 0.464 0.810 0.575 0.595 0.721 0.505 0.548 0.571 0.693 0.455 0.795 0.613 0.358 0.327 0.489
Patchcore(PointMAE) 0.544 0.488 0.615 0.510 0.501 0.465 0.423 0.378 0.364 0.725 0.742 0.523 0.580 0.754 0.651 0.651 0.545 0.543 0.562 0.581 0.562
CPMF 0.601 0.551 0.520 0.497 0.683 0.582 0.458 0.689 0.529 0.553 0.582 0.514 0.555 0.601 0.504 0.515 0.551 0.783 0.684 0.641 0.542
RegAD 0.632 0.718 0.620 0.685 0.800 0.511 0.626 0.755 0.811 0.815 0.405 0.755 0.600 0.725 0.881 0.825 0.467 0.688 0.691 0.654 0.624
IMRNet 0.715 0.706 0.663 0.643 0.576 0.401 0.476 0.548 0.635 0.753 0.614 0.524 0.598 0.774 0.593 0.644 0.742 0.605 0.715 0.599 0.604

PASDF(Ours) 0.948 0.861 0.958 0.948 0.865 0.868 0.891 0.945 0.909 0.894 0.956 0.899 0.816 0.824 0.959 0.809 0.920 0.865 0.909 0.939 0.646

Method bottle3 vase0 bottle0 tap1 bowl0 bucket0 vase5 vase1 vase9 ashtray0 bottle1 tap0 phone cup1 bowl1 headset0 bag0 bowl2 jar0 Mean

BTF(Raw) 0.720 0.618 0.551 0.564 0.524 0.617 0.585 0.549 0.564 0.512 0.491 0.527 0.583 0.561 0.464 0.578 0.430 0.426 0.423 0.550

BTF(FPFH) 0.622 0.642 0.641 0.596 0.710 0.401 0.429 0.619 0.568 0.624 0.549 0.568 0.675 0.619 0.768 0.620 0.746 0.518 0.427 0.628

M3DM 0.532 0.608 0.663 0.712 0.658 0.698 0.642 0.602 0.663 0.577 0.637 0.654 0.358 0.556 0.663 0.581 0.637 0.694 0.541 0.616

Patchcore(FPFH) 0.512 0.655 0.654 0.768 0.524 0.459 0.447 0.453 0.663 0.597 0.687 0.733 0.488 0.596 0.531 0.583 0.574 0.625 0.478 0.580

Patchcore(PointMAE) 0.653 0.677 0.553 0.541 0.527 0.586 0.572 0.551 0.423 0.495 0.606 0.858 0.886 0.856 0.524 0.575 0.674 0.515 0.487 0.577

CPMF 0.435 0.458 0.521 0.657 0.745 0.486 0.651 0.486 0.545 0.615 0.571 0.458 0.545 0.509 0.488 0.699 0.655 0.635 0.611 0.573

RegAD 0.525 0.548 0.888 0.741 0.775 0.619 0.624 0.602 0.694 0.698 0.696 0.589 0.599 0.698 0.645 0.580 0.715 0.593 0.599 0.668

IMRNet 0.641 0.535 0.556 0.699 0.781 0.585 0.682 0.685 0.691 0.671 0.702 0.681 0.742 0.688 0.705 0.615 0.668 0.684 0.765 0.650

PASDF(Ours) 0.948 0.944 0.951 0.902 0.963 0.875 0.915 0.797 0.863 0.919 0.926 0.884 0.951 0.884 0.900 0.863 0.958 0.816 0.959 0.897

Table 3. P-AUROC score (↑) on Anomaly-ShapeNet dataset. The best and second-best results are marked in bold and underlined.

ing samples and 100 test samples. The test set includes

both normal and anomalous objects.

• Anomaly-ShapeNet is a synthetic dataset derived from

ShapeNet, comprising 40 categories and over 1,600

samples. Both datasets use complete point clouds for

training, but Real3D-AD test samples are single-view,

making anomaly detection more challenging.

Baseline Methods. We compare our approach against

state-of-the-art methods, including BTF[13], M3DM[31],

PatchCore[25], CPMF[5], Reg3D-AD[16], IMRNet[14],

R3D-AD[39], and Group3AD[40]. PatchCore, originally

designed for 2D anomaly detection, is extended to 3D by

modifying its feature extractor. BTF and PatchCore have

different feature extractor variants. Results are obtained

from publicly available code or papers.

Implementation Details. The PAM module is config-

ured with a loss threshold τ = 0.016, an increment

Δτ = 0.001, and a maximum iteration count K = 10.

The SDF network consists of an 8-layer MLP with fully

connected layers and weight normalization. Intermediate

layers use ReLU activation and 0.2 dropout, except for

the final layer, with a skip connection at the fourth layer.

The SDF network is trained using clamped L1 loss with

a maximum distance threshold of dmax = 0.1. For SDF

learning, we sample 23,000 query points: 10,000 from

the surface, 10,000 within the object’s bounding box, and

3,000 within the unit volume. Training runs for 2,000

epochs with lr = 1×10−5. In the anomaly score compu-

tation, TK is set to 1000. All experiments are conducted

on one NVIDIA V100 GPU.

4.2. Evaluation Metrics

Anomaly Detection. Following [1], we use Area Under

the Receiver Operating Characteristic Curve (AUROC)

to assess anomaly detection. Pixel-AUROC (P-AUROC)

evaluates point-level localization, while Object-AUROC

(O-AUROC) measures object-level detection. Higher

AUROC values indicate better anomaly detection quality.

Anomaly Repair. To assess 3D anomaly repair using

the learned SDF, we employ Chamfer Distance (CD) and

Earth Mover’s Distance (EMD). CD quantifies the aver-

age squared Euclidean distance between reconstructed
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Figure 3. Qualitative anomaly localization results on Anomaly-

ShapeNet and Real3D-AD (rows 1-2 and 3-4 respectively).

and ground truth geometry, ensuring geometric accuracy.

EMD captures structural differences by measuring the

minimal transformation cost between distributions.

4.3. Main Results

Comparisons on Real3D-AD. Table 1 reports anomaly

detection results on Real3D-AD, evaluated by O-AUROC

(object-level) and P-AUROC (point-level). Our method,

PASDF, achieves the highest mean scores on both met-

rics, demonstrating superior detection and localization.

The proposed PASDF leads with a 0.802 O-AUROC,
ranking first in five categories, and a 0.745 P-AUROC,
excelling in six. It performs particularly well in cat-

egories with complex surface textures (e.g., Seahorse,

Shell, Starfish, Toffees), where patch-wise methods strug-

gle with fine-grained details. By effectively capturing

intricate geometric structures (Fig. 4), PASDF enables

more precise anomaly detection and localization.

Comparisons on Anomaly-ShapeNet. Table 2 reports

O-AUROC results on Anomaly-ShapeNet, where PASDF

achieves the highest mean score of 0.900, ranking first
in 37 of 40 categories. This highlights its robustness

across diverse object types. Other methods show perfor-

mance inconsistencies, excelling in some categories but

varying in others. For instance, IMRNet scores 0.774

on bucket0 but only 0.401 on vase3, revealing its insta-

Method Real3D-AD Anomaly-ShapeNet

CD ↓ EMD ↓ CD ↓ EMD ↓
w/o PE 0.0255 0.0133 0.0575 0.0276

with PE 0.0203 0.0110 0.0445 0.0228

Table 4. Anomaly repair results. PE: positional encoding.

Method PAM O-AUROC ↑ P-AUROC ↑

BTF(FPFH)
0.528 0.628

� 0.579 0.683

Patchcore(FPFH)
0.568 0.580

� 0.814 0.867

Patchcore(PointMAE)
0.562 0.577

� 0.626 0.681

PASDF (Ours) � 0.900 0.897

Table 5. Generalization of PAM for anomaly detection enhance-

ment across diverse baseline models on Anomaly-ShapeNet.

Method O-AUROC ↑ P-AUROC ↑
w/o RANSAC 0.711 0.739

w/o ICP 0.727 0.836

w/o IO 0.871 0.884

w/o PE 0.887 0.783

PASDF (Full) 0.900 0.897

Table 6. Ablation study on Anomaly-ShapeNet. IO represent

iterative optimization. PE stands for positional encoding.

bility. In contrast, PASDF consistently delivers strong

results across all categories, ensuring greater reliability in

anomaly localization. Due to space constraints, detailed

object-level results are in the Appendix of the supple-

mentary material. Across both datasets, PASDF’s abil-

ity to learn consistent geometric representations enables

fine-grained texture capture while maintaining strong

robustness across object categories.

4.4. Qualitative Results
Fig. 3 presents qualitative anomaly localization results on

Real3D-AD and Anomaly-ShapeNet. Detected anoma-

lies are highlighted with red dashed circles. Our method

effectively identifies structural defects, including defor-

mations and geometric irregularities, across both real-

world and synthetic datasets. These qualitative results

demonstrate the robustness and generalizability of our

anomaly detection approach.

4.5. Ablation Study
Effect of Pose-Wise Alignment on Anomaly Detection.
Table 5 shows that the proposed pose alignment module

(PAM) consistently enhances anomaly detection across

diverse baseline models. For BTF(FPFH), PAM improves

O-AUROC and P-AUROC by 9.7% and 8.8%, respec-
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Bottle3 Eraser0 helmet0Starfish Airplane Seahorse

w/o PE

with PE

Figure 4. Qualitative evaluation of PASDF for reconstruction. The first three columns are from the Real3D AD dataset, and the last

three columns are from Anomaly-ShapeNet. w/o PE denotes PASDF without positional encoding

tively. Notably, PatchCore(FPFH) achieves substantial

gains of 24.6% (O-AUROC) and 28.7% (P-AUROC) with

PAM, indicating that pose standardization significantly

benefits shallow feature representations by reducing ge-

ometric ambiguity. Even for deep learning-based Point-

MAE features, PAM yields a 6.4%/10.4% improvement,

demonstrating its adaptability to both handcrafted and

learned features. These consistent improvements confirm

that canonical pose alignment provides a unified geo-

metric reference, allowing models to focus on intrinsic

structural characteristics rather than pose variations.

Effect of Positional Encoding. Ablation studies con-

firm the crucial role of positional encoding in 3D surface

reconstruction and anomaly detection. Using Marching

Cubes [19], we reconstruct normal object surfaces as

repair templates from SDF values and compare them

to ground-truth point clouds in canonical poses. Quan-

titative results (Table 4) show that positional encoding

improves reconstruction accuracy, reducing Chamfer Dis-

tance (CD) and Earth Mover’s Distance (EMD) for better

geometric alignment. Qualitatively, as shown in Figure 4,

models without positional encoding (w/o PE) generate

artifacts such as terraced surfaces (e.g., starfish) and lose

fine details, whereas those with positional encoding pro-

duce smoother, more consistent shapes. For anomaly de-

tection (Table 5), removing positional encoding reduces

P-AUROC by 11.4% (89.7% → 78.3%) and slightly low-

ers O-AUROC, demonstrating its importance in capturing

spatial awareness for detecting fine-grained anomalies.

Component-Level Analysis. To assess the contributions

of individual PAM components, we perform an ablation

study (Table 6). Removing RANSAC (w/o RANSAC)

causes a sharp O-AUROC drop from 0.900 to 0.711, un-

derscoring its importance for robust initial alignment.

After RANSAC, ICP further improves P-AUROC from

0.836 to 0.897, highlighting its role in fine-grained pose

refinement. The iterative optimization(w/o IO) is also

essential, as its removal reduces both O-AUROC and

P-AUROC, confirming the necessity of multiple refine-

ment steps for achieving an accurate canonical pose. The

strong performance of PASDF reaffirms that pose-wise

alignment is a vital preprocessing step for robust 3D

anomaly representations.

5. Conclusion
We introduce PASDF, a novel framework for un-

supervised 3D anomaly detection using pose-aware

Signed Distance Functions. By disentangling pose and

shape through a Pose-wise Alignment Module, PASDF

achieves state-of-the-art performance, demonstrating ro-

bustness to pose variations and sensitivity to subtle geo-

metric anomalies. Our results highlight the superiority of

learning a continuous, pose-invariant 3D representation

over discretized approaches that struggle with random

pose effects. Additionally, the high-quality 3D template

learned via our SDF enables effective anomaly repair.

Limitations and future work. PASDF achieves promis-

ing results, but limitations suggest future research. The

Pose-wise Alignment Module can be computationally ex-

pensive under challenging initial pose; future work could

explore efficient learning-based or hierarchical registra-

tion. PASDF currently assumes a single normal object

class; extending it to multi-class detection would broaden

applicability. Performance also depends on input point

cloud quality, motivating noise and outlier robustness re-

search. Beyond these improvements, integrating PASDF

with contextual information could enhance detection in

real-world complex environments.
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