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Abstract

RGB-3D industrial anomaly detection seeks to jointly exploit texture and geometric cues
for robust defect inspection. However, existing multimodal fusion methods still face two
practical limitations: modality-specific anomaly evidence is often weakened after direct
fusion, and image-level decisions remain unstable on difficult categories. To address these
issues, this study develops a reliability-aware scoring enhancement on top of the released
Hybrid Fusion/M3DM memory-bank pipeline. The method constructs a disagreement
cue from RGB and point-cloud anomaly responses to enhance suspicious local regions and
introduces a dual-branch image-level score calibration that combines a sensitive fusion
branch with a robust statistical branch. Evaluated on MVTec 3D-AD under the official
released-code full setting, the proposed method achieves 0.800 image-level ROCAUC,
0.980 pixel-level ROCAUC, and 0.926 AU-PRO, compared with 0.779, 0.975, and 0.915
for the corresponding released-code baseline in our environment. Additional evaluation
on Eyecandies improves pixel-level ROCAUC and AU-PRO, while showing that image-
level calibration remains dataset-sensitive. On a supplementary three-category Real-IAD
D3 subset, the mean image-level ROCAUC, pixel-level ROCAUC, and AU-PRO improve
from 0.963, 0.979, and 0.921 to 0.980, 0.988, and 0.941, respectively. These results indicate
that explicit cross-modal disagreement modeling improves localization consistency, while
image-level score calibration provides dataset-dependent gains rather than a uniform
cross-dataset guarantee.

Keywords: industrial anomaly detection; RGB-3D fusion; point cloud; cross-modal disagreement;
score calibration; multimodal inspection

1. Introduction

Industrial anomaly detection is an essential technique for automated quality inspec-
tion in intelligent manufacturing [1-3]. In practical production lines, defects are often
expressed through both texture variation and geometric deformation. A reliable inspec-
tion system should therefore make joint use of RGB appearance cues and 3D structural
cues, while providing accurate localization together with stable image-level decisions.
In industrial inspection, such decisions directly affect downstream sorting, rework, and
production efficiency.
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Feature-memory-based anomaly detection methods have become a strong paradigm
for industrial vision because they model the distribution of normal samples and identify
defects through feature deviation at inference time [4,5]. However, most early methods are
designed for single-modal inputs and consequently face limitations when defect evidence is
incomplete in only one modality. RGB images provide rich appearance cues but may miss
subtle geometric deformation, while 3D point clouds provide structural information but are
often less sensitive to fine texture irregularities. As a result, RGB-3D multimodal anomaly
detection has become an important research direction for industrial inspection [2,6].

Although multimodal methods exploit complementary information from RGB and 3D
data, existing fusion strategies are still not fully satisfactory in practical deployment [2,7].
The core difficulty is not simply how to concatenate two modalities, but how to preserve
informative texture—geometry discrepancy while maintaining stable image-level decisions.
In practice, some defects are mainly reflected in the RGB branch, whereas others are
more evident in the point-cloud branch. When the two modalities are fused by direct
concatenation or simple weighted aggregation, discriminative modality-specific evidence
may be weakened. At the same time, many multimodal methods produce reasonable
pixel-level maps but still rely on image-level statistics that are overly sensitive to local
peaks, branch fluctuations, and category-specific score shift. This instability is especially
problematic for difficult categories and weak anomalies.

To address these issues, we develop a cross-modal disagreement-guided reliability-
aware enhancement for RGB-3D industrial anomaly detection. Instead of redesigning
the full multimodal backbone, the proposed method strengthens a strong fusion baseline
from two aspects. First, it explicitly models the discrepancy between RGB and 3D anomaly
responses as an auxiliary cue for local anomaly enhancement. Second, it replaces a fragile
single-branch image score with a stability-aware dual-branch scoring calibration that
combines a sensitive fusion branch with a robust statistical branch. The final decision is
obtained through adaptive blending according to reliability-related cues.

This study is developed on top of a multimodal RGB-3D fusion baseline [7] and
focuses on empirical reliability enhancement rather than a complete paradigm replacement
or a theoretical robustness guarantee. In this paper, robustness refers to improved empirical
stability of anomaly evidence and decision aggregation under the released-code full-setting
evaluation. This positioning is appropriate for industrial anomaly detection, where a
controlled improvement over an existing inspection backbone is often more practical than a
more complex but brittle redesign [2]. The main contributions are summarized as follows:

1. A cross-modal disagreement modeling strategy is introduced to explicitly characterize
the discrepancy between RGB and point-cloud anomaly responses, providing an
additional anomaly cue beyond direct fusion.

2. A dual-branch image-level score calibration strategy is proposed to adaptively com-
bine a base fusion branch and a robust statistical branch, improving image-level
performance under the released-code MVTec 3D-AD setting while revealing dataset
sensitivity on additional benchmarks.

3. A practical enhancement pipeline is constructed to improve local anomaly emphasis and
global anomaly discrimination without replacing the original Hybrid Fusion backbone.

4.  Experimental results on MVTec 3D-AD demonstrate that the proposed enhancement
improves the released-code Hybrid Fusion/M3DM baseline under the same official
full-setting command in image-level ROCAUC, pixel-level ROCAUC, and AU-PRO,
while additional Eyecandies and Real-IAD D3 subset evaluations examine cross-
dataset transfer behavior.
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2. Related Work
2.1. Memory-Based Industrial Anomaly Detection

Memory-based anomaly detection methods describe normality through representative
feature banks and score test samples by their deviation from stored normal patterns. PaDiM
models patch-wise Gaussian statistics of normal features, whereas PatchCore improves
retrieval quality through a memory bank combined with coreset compression [4,5]. Sim-
ilar memory-bank and registration ideas have also been extended to high-resolution 3D
point-cloud anomaly detection, for example in Real3D-AD/Reg3D-AD and PointCore [8,9].
These methods are attractive because they are training-efficient and often provide strong lo-
calization quality. However, their standard formulation is mainly designed for single-modal
image or point-cloud inspection and does not explicitly address cross-modal inconsistency
between appearance and geometry.

2.2. Teacher—Student, Reconstruction, and Self-Supervised Strategies

A second line of research improves anomaly detection by amplifying the discrep-
ancy between normal and abnormal representations through auxiliary learning objectives.
Representative examples include Uninformed Students, which models normality through
student-teacher disagreement, DRAEM, which combines reconstruction with discrimina-
tive embedding, and reverse distillation, which transfers one-class representations through
a reverse student architecture [10-12]. Self-supervised and lightweight discriminative
methods such as CutPaste and SimpleNet further show that anomaly-sensitive represen-
tations can be learned effectively without anomaly labels [13,14]. More recent variants,
including AEKD, continue this line by explicitly strengthening asymmetric teacher-student
discrepancy for industrial inspection [15]. Although these approaches are effective for 2D
anomaly detection, they do not directly address multimodal RGB-3D fusion or the practical
instability of multimodal image-level scoring.

2.3. Multimodal RGB-3D Anomaly Detection

Compared with 2D industrial anomaly detection, multimodal RGB-3D anomaly de-
tection has been studied much less extensively. The MVTec 3D-AD benchmark established
a standardized setting for jointly evaluating appearance and geometry cues [6], and subse-
quent analysis on this benchmark showed that effective use of 3D information is non-trivial
even when strong handcrafted or classical feature representations are available [16]. Re-
cent datasets such as Real-IAD and Real-IAD D3 further emphasize the need to evaluate
industrial anomaly detection under larger-scale, real-world, and multimodal sensing con-
ditions [17,18]. The Hybrid Fusion baseline then demonstrated that multimodal fusion
can outperform unimodal reasoning by combining RGB and point-cloud branches within
a memory-bank framework [7]. More recent work has extended this direction through
density-aware point-cloud enhancement, multimodal feature reconstruction, latent-bridged
cross-modal prediction, noise-resistant RGB-3D modeling, prototype-driven normality
communication, cross-modal feature mapping, and geometry-guided score fusion [19-25].
In particular, PIRN introduces balanced prototype assignment, adaptive prototype re-
finement, and multimodal normality communication for few-shot multimodal anomaly
detection, and evaluates the method on MVTec 3D-AD, Eyecandies, and Real-IAD [23].
Crossmodal Feature Mapping models 2D-3D feature consistency directly and reports strong
standard and few-shot results on MVTec 3D-AD, while G?SF-MIAD studies geometry-
guided score fusion on MVTec 3D-AD and Eyecandies [24,25]. These studies indicate
that recent multimodal anomaly detection has moved beyond simple feature concatena-
tion toward explicit cross-modal interaction, reconstruction, score fusion, and normality
modeling. At the same time, recent surveys and reviews have highlighted the growing
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relevance of 2D, 3D, and multimodal anomaly detection for industrial inspection and
manufacturing [2,3,26]. Nevertheless, direct fusion alone does not guarantee that com-
plementary modality-specific evidence is preserved, and strong pixel-level maps do not
necessarily translate into reliable image-level decisions. The proposed method is therefore
positioned as a reliability-oriented enhancement of multimodal fusion, with explicit focus
on disagreement-aware local modulation and reliability-aware image-level scoring.

3. Materials and Methods
3.1. Overall Framework

The proposed enhancement contains three feature branches: an RGB branch, a point-
cloud branch, and a fusion branch. Given an RGB image and its corresponding 3D point
cloud, the RGB branch extracts appearance features, the point-cloud branch extracts ge-
ometric features, and the fusion branch produces joint multimodal patch embeddings.
A memory bank is constructed from normal training samples, and anomaly maps are
generated according to the deviation of test features from normal memory features. The
final output includes a pixel-level anomaly map and an image-level anomaly score.

Compared with the baseline multimodal fusion framework, the proposed method in-
troduces two additional components: cross-modal disagreement modeling and dual-branch
image-level score calibration. The first component enhances local anomaly responses, while
the second improves global decision stability. Figure 1 illustrates the overall architecture of
the proposed enhancement.

Normal Training and Local A ly Image-Level Decision
Normal RGB Normal 3D Test RGB Test 7[)
Samples Samples Tmage Point Cloud
¥ v v ¥

RGB Feature
Extraction

3D Feature RGB Feature 3D Feature RGB-3D Fusion
Extraction Extraction Extraction Branch
RGB-3D Fusion Memory-Based
Feature Construction Anomaly Scoring
RGB Anomaly 3D Anomaly
Normal Memory Bank

Statistical Score
Branch

Reliability and
Conflict Cues

Adaptive Score
Calibration

Final Image-Level

Response Response.

Fusion Anomaly
Response
Cross-Modal D ] Pixel-Level
Disagreement Map Pixel Anomaly Map J Localization

Figure 1. Overall pipeline of the proposed method. The method preserves the multimodal fusion

memory-bank pipeline and augments it with two additional modules: cross-modal disagreement
modeling for local anomaly enhancement and dual-branch image-level score calibration for robust
global decision making. Arrows indicate the information flow among input modalities, feature
branches, memory-bank scoring, disagreement modulation, and final decision output; different colors
distinguish the RGB, point-cloud, fusion, and scoring components.

3.2. RGB and Point-Cloud Feature Extraction

Let I denote the RGB image and P denote the corresponding point cloud. The RGB
backbone extracts feature maps from the visual modality, while the point-cloud backbone
produces geometric descriptors from the 3D modality. In this work, DINO ViT-B/8 is
adopted as the RGB backbone and Point-MAE is used as the point-cloud backbone [27,28].
The extracted patch features are then aligned into a common spatial layout for subsequent
multimodal fusion and anomaly scoring.

The point-cloud input is first converted from organized representation to valid unor-
ganized points. Invalid points are removed through finite-value checking and zero-point
filtering, and the number of valid points is constrained to satisfy the grouping require-
ments of the point-cloud encoder. This preprocessing improves stability during point
interpolation and feature extraction.
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3.3. Fusion Branch and Normal Memory Construction

For each normal training sample, RGB patch features and point-cloud patch features
are fused into multimodal patch embeddings. The normal training embeddings are accu-
mulated into a memory bank. During inference, the anomaly strength of each test patch is
estimated by its distance to the normal memory bank. This fusion memory serves as the
core anomaly branch and is retained as the stable basis of the final system.

To avoid excessive memory redundancy, the method uses memory compression
through a coreset-style selection strategy [4]. The compressed normal memory bank
maintains representative normal patterns while keeping the inference cost acceptable.

3.4. Cross-Modal Disagreement Modeling

Although fusion features are effective, they may hide the discrepancy between
modality-specific responses. To preserve such complementary information, we compute
separate anomaly response maps from the RGB and point-cloud branches and normalize
them to a comparable range. For a map M, min-max normalization is defined as

M — min(M)
max(M) — min(M) + €’

N(M) = 1
where € is a small constant for numerical stability. The disagreement map is then defined
as the absolute difference between the normalized modality-specific maps:

Mgis = N(Mrgb> - N(Mxyz) . 2)

This disagreement map highlights local regions where the two modalities respond
differently. Such regions are often informative in industrial scenarios because certain
anomalies may be more visible in one modality than in the other. Rather than replacing the
fusion anomaly map, the disagreement cue is introduced as a modulation term on top of
the fusion branch:

Mpix = Mfusion © (1 + )‘Mdis)r (3)

where A controls the modulation strength and © denotes element-wise multiplication. The
value A = 0.5 was selected through preliminary module-progression experiments under
the released-code full-setting evaluation and then fixed for all reported runs. In this way,
the fusion branch remains the primary anomaly carrier, while cross-modal disagreement
selectively amplifies locally inconsistent regions that are more likely to be anomalous.

3.5. Dual-Branch Image-Level Score Calibration

The image-level decision should not rely solely on a single maximum activation or a
single Top-K statistic. For this reason, a dual-branch image-level score calibration strategy
is introduced.

The first branch is the base branch. It is derived from the modulated fusion anomaly
map and preserves sensitivity to dominant abnormal responses. The second branch is
the robust statistical branch. This branch integrates additional calibrated cues, including
percentile-based responses, tail-sensitive signals, map statistics, and branch-distribution
evidence. These signals are more stable than a raw peak score and help suppress accidental
fluctuations. In the implementation used for the paper, the base branch is defined as the
average of the Top-K responses on the modulated fusion map:

1

Sbase = E Z MI()ZI)X/ (4)
i€ Ti (Mpix)
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where T /(-) denotes the indices of the K largest responses. The value K = 64 was selected
in the same preliminary released-code setting experiments and then kept unchanged. The
robust branch is computed from percentile and distribution statistics:

Srobust = aQ95<Mpix) + IB.M<MPiX) + 'Y.M(Mdis)r ®)

where Qos(+) denotes the 95th percentile, j(-) denotes the spatial mean, and «, f, y are
calibration weights. The weights («, 8,y) = (0.60,0.25,0.15) were determined through the
preliminary released-code setting experiments and then fixed for the final evaluation.

Let Spase denote the score from the base branch and S}, denote the score from the
robust statistical branch. The final image score is obtained by adaptively blending the
two branches:

Sfinal = (1 - w)Sbase + WSrobust + Srecs (6)

where w is the adaptive blending coefficient and Sy is a recovery term used to maintain
anomaly sensitivity under stable but difficult conditions. In the paper implementation, w is
computed from a reliability cue R and a conflict cue C:

w=0(mC—nR), @)

where o (+) is the sigmoid function and 71, 17, are scaling parameters. The scaling parameters
were set to 71 = 1.0 and 77, = 1.0 according to the preliminary released-code setting
experiments. The recovery term is activated only when the sample is stable but the base
branch is likely to underestimate the anomaly:

Srec = 0 max (0/ Q95(Mpix) - Sbase) . 8)

where § controls the recovery strength. The recovery strength was selected as 6 = 0.20 in
the preliminary released-code setting experiments and then kept fixed. In this way, the
method automatically increases the influence of the robust branch when the base branch
becomes unstable while preserving sensitivity on hard but reliable cases. Figure 2 presents
the proposed score calibration strategy.

Stable Dual-Branch Image-Level Scoring

Sfinal - (1 - w)Sbase + wSTobust + S’ree

Base ngwn Score Reliability Cue
base
Conflict Cue
Final Image Score
Robust Statistical Score ’ Stinal
S Tail-Aware Cue
robust.

The controller balances sensitivity and stability, while the recovery term preserves anomaly evidence on difficult but reliable samples.

Recovery
Srec

Adaptive Blending
Controller

w

Figure 2. Dual-branch image-level score calibration strategy. The final image score is obtained by
adaptively blending a sensitive base fusion branch and a robust statistical branch using reliability
and conflict cues, together with a recovery term to preserve sensitivity in difficult cases. Arrows
indicate the score flow, and different colors denote the base branch, robust branch, reliability /conflict
cues, and recovery term.
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3.6. Stability Cues for Adaptive Blending

The adaptive blending mechanism is driven by several stability-related cues. First,
branch reliability is estimated from the agreement between dominant branch scores and
distribution statistics. Second, branch conflict is measured to detect cases where different
anomaly evidence sources strongly disagree. Third, tail-sensitive statistics are used to
characterize whether a sample lies in an extreme response region. These signals are jointly
used to determine the final blending ratio and score correction intensity. In implementation
terms, the reliability cue is defined as

R=1- ‘gbase — Qo5(Mpix)

/ ©)

where tildes denote min—-max normalized scalar statistics under the released-code evalua-
tion setting. The conflict cue is defined as

C= ‘Sbase - Srobust

. (10)

This keeps the calibration logic explicit and reproducible while preserving the intended
interpretation of reliability as branch consistency and conflict as branch disagreement.

When branch evidence is reliable and consistent, the model relies more on the base
branch; when branch responses are unstable or conflicting, the robust branch contributes
more strongly. This design improves the stability of image-level anomaly prediction
without sacrificing the localization ability of the underlying fusion map. In this sense, the
proposed strategy can be interpreted as a reliability-aware decision calibration module
built on top of multimodal anomaly evidence rather than a replacement of the original
fusion representation.

3.7. Training and Inference Procedure

The method uses only normal training samples. During training, RGB patch features,
point-cloud patch features, and fusion features are extracted to construct the memory
bank and fit the statistical calibration components. During inference, anomaly maps are
computed for RGB, point-cloud, and fusion branches. The disagreement map is gener-
ated from the RGB and point-cloud responses and used to modulate the fusion anomaly
map. Image-level scoring is then performed through the proposed dual-branch score
calibration strategy.

3.8. Implementation Details

The implementation follows the released Hybrid Fusion/M3DM configuration to
isolate the contribution of the proposed scoring and modulation strategy. The RGB
branch uses DINO ViT-B/8 features, the 3D branch uses Point-MAE features, and
the multimodal fusion branch uses the released UFF module with multiple memory
banks. The baseline command follows the public M3DM repository full-setting com-
mand using -method_name DINO+Point_MAE+Fusion, -use_uff, -memory_bank multiple,
-rgb_backbone_name vit_base_patch8_224_dino, -xyz_backbone_name Point_MAE, and
-fusion_module_path checkpoints/uff_pretrain.pth. The RGB input resolution is
224 x 224, and the dataloader uses batch size 1 with four workers. For the point-cloud
branch, the adopted setting uses 1024 groups with group size 128 and enforces at least
1024 valid points after preprocessing. Patch retrieval relies on Euclidean distance computed
with the cdist operator in PyTorch (version 1.10.0+cul13), while local 3D grouping is built
with kNN neighborhoods. The memory bank is compressed with sparse-random-projection
coreset selection using fcoreset = 0.2 and €coreset = 0.9. The final journal configuration uses
A =05 K =64, («,f,7) = (0.60,0.25,0.15), (171,%2) = (1.0,1.0), and § = 0.20. These
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scoring hyperparameters were selected from a small fixed candidate set in preliminary
module-progression experiments and were then frozen for all final MVTec 3D-AD, Eyecan-
dies, and Real-IAD D3 subset evaluations; no category-specific or dataset-specific retuning
was used. Table 1 summarizes the parameter roles and the representative candidate ranges
considered during preliminary selection. All paper-facing runs were executed on a single
CUDA device under the same released-code evaluation setting. The comparison in this
paper is therefore interpreted as an add-on scoring enhancement comparison against the
released-code Hybrid Fusion/M3DM baseline, rather than as a claim of improving the
literature-reported numbers in the original CVPR paper.

Table 1. Scoring hyperparameter roles and preliminary selection ranges. The final values were fixed
before all reported MVTec 3D-AD, Eyecandies, and Real-IAD D3 subset evaluations.

Parameter Role Representative Candidate Range Final Value
A Strength of d1§agreemer1t-gu1ded {0.25,050,0.75,1.00} 0.50
local modulation
K Numjber of top responses used by the (32,64,128) 64
base image-score branch
Weights of percentile, map-mean, and Convex combinations emphasizing Qos
(a, B,7v) disagreement-mean statistics in the while retaining mean and (0.60,0.25,0.15)
robust branch disagreement terms
( ) Scaling of conflict and reliability cuesin 1 216 and nearby balanced settings (1.0,1.0)
12 adaptive blending y & e
5 Recovery strength for underestimated {0.00,0.10,0.20,0.30} 0.20

high-percentile responses

4. Results
4.1. Experimental Setup

Experiments are conducted mainly on the MVTec 3D-AD dataset [6], which con-
tains ten industrial categories and provides aligned RGB images and 3D point clouds
for anomaly detection. To provide additional evidence beyond a single benchmark, a
supplementary evaluation is also conducted on Eyecandies [29], a synthetic multimodal
anomaly detection dataset containing ten candy-like object categories with RGB images,
depth information, and pixel-level anomaly masks. In the Eyecandies experiment, depth
maps are converted to point-cloud inputs following the same released-code RGB-3D pre-
processing interface. In response to the need for additional real-world validation, a limited
Real-IAD D3 subset experiment is also included using three downloaded categories, namely
Fork_Crimp_Terminal, Knob_Cap, and Limit_Switch [18]. This subset experiment is re-
ported as supplementary evidence only and is not intended to replace a full Real-IAD D3
benchmark evaluation. Following standard practice, three metrics are reported: image-level
ROCAUC, pixel-level ROCAUC, and AU-PRO.

The proposed method is implemented with DINO ViT-B/8 as the RGB backbone
and Point-MAE as the point-cloud backbone. The fusion module follows the released
Hybrid Fusion/M3DM full-setting command from the public repository, https://github.
com/nomewang/M3DM (accessed on 26 May 2026). To maintain consistency, the released-
code baseline, the proposed method, and the ablation variants are evaluated with the
same backbone, UFF checkpoint, multiple-memory-bank setting, input preprocessing,
and evaluation scripts. For context, the main comparison includes the original Hybrid
Fusion/M3DM result reported in the baseline paper [7]. The benchmark contains ten
categories, namely Bagel, Cable_Gland, Carrot, Cookie, Dowel, Foam, Peach, Potato,
Rope, and Tire, covering diverse combinations of texture-sensitive and geometry-sensitive
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defects [6]. This category diversity makes the dataset suitable for evaluating whether a
multimodal method can remain reliable when the dominant anomaly cue changes across
object types. During evaluation, the model is trained only on normal samples and is tested
on both normal and anomalous samples following the official protocol.

4.2. Official Released-Code Setting and Parameter Sensitivity

The main baseline is evaluated with the public Hybrid Fusion/M3DM released-code
full-setting command. Specifically, the released UFF checkpoint is enabled by -use_uff,
the decision layer uses -memory_bank multiple, and the DINO ViT-B/8 and Point-MAE
backbones follow the released configuration. The proposed method is added after the
same feature extraction, UFF fusion, and memory-bank construction stages. Therefore,
the comparison tests whether the proposed disagreement-guided scoring improves the
released-code baseline output under the same implementation and evaluation scripts.

Our local released-code run does not exactly match the numerical values reported
in the original CVPR paper. Several factors may contribute to this discrepancy, including
differences in software dependency versions, CUDA /PyTorch behavior, checkpoint loading
details, point-cloud preprocessing and valid-point filtering, random-projection coreset
sampling, local grouping implementation, random seeds, and metric interpolation or mask-
processing details. Because these implementation-level factors can affect memory-bank
anomaly detection, we report the original literature value only as context and make all
claims relative to the released-code baseline actually executed in the same environment as
the proposed method. To make the experimental setting transparent, Table 2 summarizes
the released-code setting used for the baseline and the proposed add-on.

Table 2. Released-code Hybrid Fusion/M3DM setting used for the baseline and the proposed
add-on comparison.

Item

Released-Code Hybrid

Proposed Add-On Setting

Fusion/M3DM Baseline
Public M3DM repository Same released code path with the proposed
Code source full-setting command scoring module added
Backbones DINO ViT-B/8 and Point-MAE Same
Fusion module Released UFF checkpoint, -use_uff Same
Memory mode -memory_bank multiple Same
RGB input 224 x 224 RGB input Same
Point grouping 1024 groups with group size 128 Same

Memory compression
Image score

Interpretation

Sparse-random-projection coreset with
f coreset = 0.2 and €coreset = 0.9

Released-code fusion decision score

Same

Disagreement-guided reliability-aware
calibrated score

Local execution of the released Add-on comparison under the same
full-setting pipeline released-code setting

To answer whether the results are sensitive to released-code setting parameters, Table 3
reports representative released-code baseline variants that change the image-score rule,
point grouping, or multiscale option. The proposed add-on is compared against the default
released-code full setting. The baseline variants show that the released-code performance
varies with these parameters, especially at the image level, while the proposed setting
remains above the tested released-code baseline variants in all three mean metrics under
the reported MVTec 3D-AD evaluation.
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Table 3. Parameter sensitivity of representative released-code Hybrid Fusion/M3DM variants on
MVTec 3D-AD.

Setting Image ROCAUC Pixel ROCAUC AU-PRO
gféie;)sel(;—sclofjrginge, fusion score, 0.779 0975 0915
score, group 126, mam 1038 0754 0975 0915
ieolfs S;f(;fl;dfzg?ﬁﬁeiOpzlfl'TOpK 0.731 0.975 0.915
group 64 num 784 mutseale 0791 0976 0917
Proposed add-on, same default 0.800 0.980 0926

released-code setting

4.3. Comparison with the Baseline

Table 4 reports the overall quantitative comparison among the original Hybrid Fu-
sion/M3DM result reported in the baseline paper [7], our local released-code Hybrid
Fusion/M3DM baseline, and the proposed add-on under the same released-code setting.

Table 4. Overall quantitative comparison among the original Hybrid Fusion/M3DM report, the
released-code Hybrid Fusion/M3DM baseline, and the proposed add-on on MVTec 3D-AD.

Method Image ROCAUC Pixel ROCAUC AU-PRO
H}./b.l‘ld Fusion/M3DM (reported in 0.945 0.992 0.964
original paper)

Hybrid Fusion/M3DM

(released-code baseline, local run) 0.779 0.975 0915
Proposed Add-On (same 0.800 0.980 0.926

released-code setting)

Table 4 shows that the original Hybrid Fusion/M3DM report remains higher than the
local released-code baseline and the proposed add-on in pixel-level ROCAUC and AU-PRO.
Therefore, this paper does not claim to outperform the original literature-reported Hybrid
Fusion/M3DM result. Instead, the main comparison focuses on whether the proposed
disagreement-guided modulation and score calibration improve the released-code baseline
when both are evaluated under the same local environment, command configuration, and
evaluation scripts.

Compared with the released-code baseline, the proposed add-on improves image-
level ROCAUC on MVTec 3D-AD under the same released-code full setting. Pixel-level
ROCAUC and AU-PRO are also improved relative to the released-code baseline, showing
that the local disagreement modulation strengthens localization while the image-level
calibration improves decision aggregation in this dataset-specific setting. This result should
be interpreted as controlled evidence under the released-code local run rather than as a
general claim of uniform image-level improvement across datasets.

4.4. Additional Evaluation on Eyecandies

To further examine whether the proposed disagreement-guided enhancement transfers
beyond MVTec 3D-AD, an additional experiment is conducted on Eyecandies using the
same released-code evaluation interface. For a fair controlled comparison on Eyecandies,
the baseline and the proposed add-on use the same depth-to-point-cloud conversion,
preprocessing, memory construction, and metric scripts. Table 5 reports the comparison
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between the released-code Hybrid Fusion/M3DM baseline and the proposed method on
the Eyecandies public test split.

Table 5. Additional quantitative comparison on Eyecandies under the released-code RGB-3D evalua-
tion setting.

Method Image ROCAUC Pixel ROCAUC AU-PRO

Hybrid Fusion/M3DM
(released-code baseline)
Proposed Add-On (same
released-code setting)

0.810 0.963 0.849

0.794 0.971 0.870

The Eyecandies results show a mixed but informative transfer behavior. The proposed
method improves the two localization-oriented metrics, indicating that cross-modal dis-
agreement modulation remains useful for local anomaly concentration on an additional
RGB-D benchmark. However, the image-level metric decreases slightly. This suggests
that the localization component transfers more robustly than the image-level calibration
component, and that the score calibration strategy remains sensitive to dataset-specific
score distributions. A likely reason is that Eyecandies differs from MVTec 3D-AD in object
appearance, synthetic rendering characteristics, depth-to-point-cloud conversion, and the
distribution of anomaly sizes and score tails. The robust branch uses percentile and mean
statistics, which can shift when the global score distribution differs across datasets even
if the local anomaly map remains well localized. Therefore, the Eyecandies experiment
is interpreted as supplementary cross-dataset evidence for localization robustness, rather
than as a claim of uniform improvement across all metrics.

4.5. Supplementary Evaluation on a Real-IAD D3 Subset

To further examine transfer behavior on real industrial data beyond MVTec 3D-AD and
Eyecandies, a supplementary experiment is conducted on a limited Real-IAD D3 subset [18].
This experiment uses three categories that were available in the local evaluation environ-
ment: Fork_Crimp_Terminal, Knob_Cap, and Limit_Switch. The normal samples are used
for memory construction, and the test split contains both normal and anomalous samples
following the same released-code RGB-3D evaluation interface. Because this subset covers
only three categories, it is reported as additional evidence rather than as a full Real-IAD D3
benchmark comparison. Table 6 reports the corresponding quantitative comparison.

Table 6. Supplementary quantitative comparison on a three-category Real-IAD D3 subset under the
released-code RGB-3D evaluation setting.

Method Image ROCAUC Pixel ROCAUC AU-PRO

Hybrid Fusion/M3DM
(released-code baseline)
Proposed Add-On (same
released-code setting)

0.963 0.979 0.921

0.980 0.988 0.941

The Real-IAD D3 subset results provide limited but useful supplementary evidence.
On the selected three categories, the proposed method improves all three mean metrics
over the released-code baseline under the same preprocessing and evaluation setting. At
the same time, the experiment is intentionally interpreted conservatively because the subset
is much smaller than the full Real-IAD D3 benchmark. Therefore, the result supports the
potential transferability of the proposed disagreement-guided enhancement, but it does
not replace a full-scale Real-IAD D3 evaluation.
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4.6. Category-Wise Analysis

Category-wise image-level results on MVTec 3D-AD under the released-code setting
show that the proposed method provides clear gains on several challenging categories
compared with the released-code baseline. Specifically, improvements are observed on
Bagel, Cable_Gland, Carrot, Cookie, Dowel, Foam, Potato, and Rope. Among them, the gain
on Potato is particularly large, while Rope and Cable_Gland also benefit substantially. These
improvements suggest that the proposed design is effective when multimodal evidence is
complementary but unevenly distributed across appearance and geometry.

At the same time, the category-wise results also show that the improvement is not
uniform across all categories. In particular, Peach and Tire remain difficult in the released-
code setting, and their image-level performance does not consistently exceed the released-
code baseline. These results indicate that the proposed disagreement cue is not equally
informative for all product types. A plausible reason is that the proposed local modulation
is most beneficial when RGB and 3D responses are complementary or asymmetric. For
categories in which the two modality responses are weak, highly correlated, or affected
by broad normal structural variation, the disagreement map may provide less separable
evidence for image-level scoring. In addition, image-level calibration can be affected by
category-specific score distributions when abnormal regions are small or when normal
geometric variability produces high tail responses. This observation motivates future
category-adaptive scoring mechanisms. Figure 3 reports the category-wise image-level
comparison on MVTec 3D-AD.

1.0

=3 Hybrid Fusion
[ Proposed 0.9420.946
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Figure 3. Category-wise image-level ROCAUC comparison between the released-code Hybrid
Fusion/M3DM baseline and the proposed method on MVTec 3D-AD under the same released-code
setting. Higher values indicate better image-level discrimination; the comparison highlights both
improved and remaining difficult categories.

4.7. Pixel-Level Localization Performance

On MVTec 3D-AD, compared with the released-code baseline, the proposed method
improves both pixel-level ROCAUC and AU-PRO. This result indicates that disagreement-
guided local modulation strengthens the anomaly map without destabilizing it under
the released-code setting. The gains on Cable_Gland, Cookie, Dowel, Peach, Rope, and
Tire further suggest that cross-modal discrepancy is useful for enhancing local anomaly
concentration.

Representative qualitative results on Rope, Dowel, Cable_Gland, and Potato are shown
in Figure 4.
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Input Ground-truth Baseline Proposed
P Defect Mask Heatmap Heatmap

Figure 4. Representative qualitative comparison between the released-code baseline method and the
proposed method on four challenging MVTec 3D-AD categories. The columns show the input image,
the ground-truth defect mask, the baseline anomaly heatmap, and the proposed anomaly heatmap.
Warmer colors in the heatmaps indicate higher anomaly responses.

4.8. Module Progression and Ablation Analysis

In addition to the main released-code comparison, a module progression comparison
was conducted under the same released-code evaluation setting using the released-code
baseline and three representative module configurations. This comparison is intended
to show how disagreement modulation and score calibration affect the released pipeline,
rather than to compare independent release versions.

To further validate the role of each component, a formal ablation block was evaluated
under the same released-code evaluation setting with four representative settings: the
released-code baseline, a disagreement-only variant, a disagreement-plus-score-calibration
variant, a partial statistical calibration variant, and the full statistical calibration variant.
The disagreement-only variant improves the localization-oriented metrics but slightly
decreases image-level ROCAUC, while the later variants maintain most of the segmentation
advantage and shift the emphasis toward more reliable image-level aggregation.

The ablation results are non-monotonic but informative. Disagreement modeling
mainly strengthens localization, whereas reliability-aware statistical calibration is needed
to recover and improve image-level discrimination. The final proposed setting provides the
best overall balance and is the only reported variant that improves all three mean metrics
over the released-code baseline. The module progression results are reported in Table 7,
and the formal ablation settings are reported in Table 8. The “Full Statistical Calibration”
row denotes the most complete calibration variant within the ablation naming system
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only; it is not identical to the final paper setting used for the main comparison. Figure 5
summarizes the overall ablation trend across the three reported metrics.

Image-level ROCAUC Pixel-level ROCAUC AU-PRO
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Figure 5. Overall trend of the formal ablation results. Disagreement modeling mainly improves local-
ization, while later calibration variants place greater emphasis on reliable image-level aggregation.

Table 7. Module progression comparison on MVTec 3D-AD under the released-code evaluation

setting.
Method Image ROCAUC Pixel ROCAUC AU-PRO
Released-Code Hybrid
Fusion/M3DM Baseline 0.779 0975 0915
+ Disagreement Modulation 0.774 0.981 0.930
+ R.ehab.lhty-Aware Score 0.799 0.980 0.926
Calibration
Final Proposed Setting 0.800 0.980 0.926

Table 8. Formal ablation study on MVTec 3D-AD under the released-code evaluation setting. The abla-
tion labels denote component settings rather than internal release names; “Full Statistical Calibration”
is an ablation variant and is not identical to the final proposed setting in Table 7.

Variant

Disagr. Score Calib. Stat. Calib. Img AUC Pix AUC AU-PRO

Released-Code Baseline No No No 0.779 0.975 0.915
Disagreement Only Yes No No 0.774 0.981 0.930
Disagreement + Score Calibration Yes Yes No 0.765 0.980 0.926
Partial Statistical Calibration Yes Yes Partial 0.799 0.980 0.926
Full Statistical Calibration Yes Yes Full 0.793 0.980 0.926

5. Discussion

The results indicate that simple multimodal fusion can be insufficient when RGB and
3D responses are asymmetric. The proposed method addresses this problem from two com-
plementary perspectives. First, it preserves modality discrepancy rather than suppressing it.
Second, it does not rely on a single image-level statistic but instead builds a stability-aware
score aggregation mechanism. In other words, the method is not merely a stronger feature
extractor, but a more cautious decision layer for multimodal anomaly evidence.

A main strength of the proposed method is its reliability-oriented design. In industrial
settings, image-level false alarms or missed detections may be more costly than slight
differences in pixel-level map smoothness. Therefore, the gain in image-level ROCAUC on
MVTec 3D-AD is meaningful within the released-code local evaluation setting. The method
also remains relatively lightweight because it does not require anomaly samples during
training and is implemented as an enhancement over a memory-bank baseline. This makes
it suitable for scenarios in which reusing an existing inspection backbone is more practical
than replacing the full pipeline.

https://doi.org/10.3390/app16115483


https://doi.org/10.3390/app16115483

Appl. Sci. 2026, 16, 5483

15 of 19

The empirical evidence in this paper should be interpreted with a clear boundary. On
MVTec 3D-AD, disagreement-aware local modulation and reliability-aware score calibra-
tion improve the released-code Hybrid Fusion/M3DM baseline under the same released-
code setting. On Eyecandies, localization-oriented metrics improve but image-level RO-
CAUC decreases slightly, showing that the image-level calibration component is sensitive
to dataset-specific score distributions. This behavior is consistent with the design of the
proposed method: disagreement-guided modulation operates locally on the anomaly map,
whereas image-level calibration depends on dataset-level score statistics such as percentiles,
means, reliability cues, and conflict cues. Consequently, localization can transfer more
reliably than global score aggregation when the test dataset has different rendering proper-
ties, depth quality, anomaly area distribution, or normal-score tails. On the three-category
Real-IAD D3 subset, the proposed method improves all three mean metrics, but this experi-
ment remains a limited subset evaluation rather than a full benchmark. Taken together, the
results support the usefulness of disagreement-guided local enhancement more consistently
than they support a universal image-level improvement claim.

To avoid overinterpreting the results, Table 9 summarizes the main claims supported
by the experiments and their explicit boundaries.

Table 9. Supported claims and explicit boundaries of the present study.

Claim

Supporting Evidence

Boundary

The proposed add-on improves the
released-code Hybrid Fusion/M3DM
baseline on MVTec 3D-AD

Cross-modal disagreement is useful
for local anomaly enhancement

Reliability-aware score calibration
can improve image-level aggregation

The method is a lightweight
enhancement of an existing pipeline

The Real-IAD D3 result provides
additional real-world evidence

Tables 4, 7 and 8 show improvements
over the local released-code baseline

Pixel-level ROCAUC and AU-PRO
improve on MVTec 3D-AD,
Eyecandies, and the Real-IAD

D3 subset

MVTec 3D-AD image-level ROCAUC
improves from 0.779 to 0.800 under
the released-code setting

The same backbones, UFF fusion
module, and memory-bank structure
are retained

The three-category subset improves
from 0.963/0.979/0.921 to
0.980/0.988/0.941

This is not a claim of outperforming
the original CVPR-reported Hybrid
Fusion/M3DM result

Localization gains are more
consistent than image-level gains

Eyecandies shows that image-level
calibration is dataset-sensitive

The method is not presented as a new
theoretical anomaly
detection paradigm

The subset result does not replace a
full Real-IAD D3 benchmark

5.1. Practical Implications for Industrial Inspection

From an engineering viewpoint, the proposed method is suitable for deployment
scenarios in which product categories share the same inspection hardware but exhibit
heterogeneous defect characteristics. The method does not require anomaly supervision,
preserves the baseline memory-bank pipeline, and improves decision aggregation on
MVTec 3D-AD while maintaining strong localization quality across the additional eval-
uations. These properties are relevant for industrial quality control because they reduce
the cost of data annotation, preserve compatibility with existing multimodal inspection
systems, and provide a configurable pass/fail decision layer for downstream automation.

The qualitative results further support this practical value. In categories such as Rope,
Dowel, Cable_Gland, and Potato, the proposed method produces anomaly responses that
are visually more concentrated and less noisy than the baseline method. This behavior is
also important for human-in-the-loop inspection, because concentrated anomaly maps are
easier to interpret during manual verification and root-cause analysis.
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5.2. Limitations and Future Work

This study still has limitations. First, the main method selection and primary quanti-
tative validation are based on MVTec 3D-AD. Although Eyecandies and a Real-IAD D3
subset are additionally evaluated, the Real-TAD D3 experiment covers only three categories
and therefore should not be interpreted as a full Real-IAD D3 benchmark result. Second,
although the baseline is now executed from the public M3DM released-code full-setting
command, our local baseline remains lower than the original Hybrid Fusion/M3DM value
reported in the CVPR paper. The present results should therefore be interpreted as an
add-on comparison against the released-code baseline in the same local environment, not
as a claim of outperforming the original literature-reported result. Third, the parameter
sensitivity analysis covers representative image-scoring and point-grouping choices, but
it is not an exhaustive search over all possible implementation details, random seeds,
dependency versions, and hardware environments. Fourth, some categories such as Peach
and Tire remain difficult at the image level in the released-code MVTec 3D-AD setting, and
the Eyecandies experiment also shows a slight decrease in image-level ROCAUC. These
observations indicate that disagreement cues and score calibration are not equally beneficial
across all product types and datasets. Fifth, the current paper focuses on an engineering
reliability enhancement rather than a new theoretical anomaly detection paradigm, and the
selected hyperparameters are obtained from preliminary module-progression experiments
rather than from an exhaustive multi-seed search. Sixth, few-shot RGB-3D anomaly detec-
tion is not evaluated in the present study because this work focuses on the released-code
full normal-training memory-bank setting. Extending the proposed disagreement-guided
calibration strategy to few-shot multimodal anomaly detection will be investigated in
future work.

Nevertheless, this positioning is still meaningful for industrial deployment, because
many production settings value reproducibility, interpretability, and stable pass/fail deci-
sions more than aggressive architectural novelty. Future work can build on this study by
investigating category-adaptive cue weighting, stronger multimodal calibration strategies,
full-scale evaluation on additional RGB-3D industrial datasets or real production data,
and repeated multi-seed validation to further quantify stability. In particular, complete
evaluation on Real-IAD D3 and comparison with more recent multimodal methods would
be necessary before making stronger cross-dataset claims [18]. More broadly, the growing
literature on out-of-distribution detection in 3D applications also indicates that future
industrial anomaly detection systems should be evaluated not only for within-benchmark
accuracy but also for robustness under distribution shift [30].

6. Conclusions

This study proposed a cross-modal disagreement-guided reliability-aware scoring
enhancement for RGB-3D industrial anomaly detection. By explicitly modeling the discrep-
ancy between RGB and point-cloud anomaly responses and by introducing a dual-branch
image-level score calibration strategy, the proposed method enhances a released Hybrid
Fusion/M3DM pipeline without replacing its core memory-bank structure. Experiments
on MVTec 3D-AD show that the final proposed setting reaches 0.800 image-level ROCAUC,
0.980 pixel-level ROCAUC, and 0.926 AU-PRO under the released-code setting, improving
the released-code local baseline on all three reported metrics. Additional evaluation on
Eyecandies improves pixel-level ROCAUC and AU-PRO, although image-level ROCAUC
decreases slightly. A supplementary three-category Real-IAD D3 subset experiment further
shows improvements over the released-code baseline, but it is not a substitute for a full
benchmark evaluation. Overall, the results support the value of disagreement-aware local
enhancement and indicate that image-level calibration can be useful under a controlled
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released-code setting, while also showing that such calibration is dataset-sensitive. Fu-
ture work will consider full-scale cross-dataset validation, comparison with more recent
multimodal methods, repeated multi-seed evaluation, and more adaptive multimodal
calibration mechanisms.
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Abbreviations
RGB Red, green, and blue image modality
3D Three-dimensional

ROCAUC  Area under the receiver operating characteristic curve
AU-PRO  Area under the per-region overlap curve
DRAEM Discriminatively trained reconstruction embedding for anomaly detection

AEKD Auto-encoder knowledge distillation
PIRN Prototypical-based intra-modal reconstruction with normality communication
MAD Multimodal anomaly detection
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