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Abstract: Anomaly detection is essential for maintaining product quality and operational safety in industrial environments. However,
conventional RGB-based unsupervised methods struggle to capture depth variations and geometric defects, which limits their ability
to detect structural anomalies. To address this, we propose a multimodal unsupervised anomaly detection framework that integrates
RGB images and 3D information through a stable reconstruction module designed to suppress unstable reconstruction errors in
normal regions and enhance the reconstruction gap between normal and anomalous samples. Extensive experiments on the MVTec
3D-AD and Eyecandies datasets demonstrate that the proposed multimodal fusion approach consistently outperforms single-modality

baselines in terms of AUROC and AUPRO.
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Fig. 1. The pipeline of our proposed network for multimodal anomaly detection.
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Table 1.Comparison of quantitative results on the MV Tec3D-AD dataset.
Method Bagel :11 t;lg Carrot Cookie Dowel Foam Peach Potato Rope Tire Average
DepthAE [7] 0.648 0.502 0.650 0.488 0.805 0.522 0.712 0.529 0.540 0.552 0.595
VoxelAE [7] 0.510 0.540 0.384 0.693 0.446 0.632 0.550 0.494 0.721 0.413 0.538
AST [9] 0.983 0.873 0.976 0.971 0.932 0.885 0.974 0.981 1.000 0.797 0.937
—| BTF[10] 0.938 0.765 0.972 0.888 0.960 0.664 0.904 0.929 0.982 0.726 0.873
% EasyNet [11] 0.991 0.998 0.918 0.968 0.945 0.945 0.905 0.807 0.994 0.793 0.926
S ™M3DM [5] 0.994 0.909 0.972 0.976 0.960 0.942 0.973 0.899 0.972 0.850 0.945
CFM [6] 0.994 0.888 0.984 0.993 0.980 0.888 0.941 0.943 0.980 0.953 0.954
ITNM [12] 0.992 0.951 0.988 0.950 0.999 0.876 0.919 0.965 0.991 0.850 0.948
Ours 0.998 0.931 0.985 0.999 1.000 0.893 0.991 0.925 0.989 0.963 0.967
AST [9] - - - - - - - - - - 0.976
| BTFL10] 0.996 0.991 0.997 0.995 0.995 0.972 0.996 0.998 0.995 0.994 0.993
?'5 M3DM [5] 0.995 0.993 0.997 0.985 0.985 0.984 0.996 0.994 0.997 0.996 0.992
2| CEM[6] - - - - - - - - - - 0.993
O TINM [12] - - - - - - R R - - 0.995
Ours 0.997 0.996 0.998 0.980 0.993 0.995 0.999 0.999 0.999 0.998 0.995
DepthAE [7] 0.432 0.158 0.808 0.491 0.841 0.406 0.262 0.216 0.716 0.478 0.481
VoxelAE [7] 0.467 0.750 0.808 0.550 0.765 0.473 0.721 0918 0.019 0.170 0.564
AST[9] 0.970 0.947 0.981 0.939 0.913 0.906 0.979 0.982 0.889 0.940 0.944
» | BTF[10] 0976 | 0967 | 0979 | 0974 | 0971 0884 | 0976 | 0981 0959 | 0971 0.964
% EasyNet [11] 0.839 0.864 0.951 0.618 0.828 0.836 0.942 0.889 0.911 0.528 0.821
©| M3DM [5] 0.970 0.971 0.979 0.950 0.941 0.932 0.977 0.971 0.971 0.975 0.964
CFM [6] 0.979 0.972 0.982 0.945 0.950 0.968 0.980 0.982 0.975 0.981 0.971
ITNM [12] 0.980 0.973 0.982 0.947 0.981 0.967 0.981 0.983 0.982 0.974 0.975
Ours 0.980 0.979 0.982 0.952 0.969 0.967 0.982 0.982 0.980 0.981 0.976
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Table 2. Comparison of quantitative results on the Eyecandies dataset.
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Chocolate | Chocolate Gummy | Hazelnut | Licorice . Marsh  |Peppermint
Method | Candycane cookie praline Confetto bear truffle | sandwich Lollipop mallow candy Average
AST [9] - - - - - - - - - - 0.780
M3DM
; [5] 0.624 0.958 0.958 1.000 0.886 0.758 0.949 0.836 1.000 1.000 0.897
c
z ﬁals]yNet 0.737 0.934 0.866 0.966 0.717 0.822 0.847 0.863 0.977 0.960 0.869
a
CFM [6] 0.680 0.931 0.952 0.880 0.865 0.782 0.917 0.840 0.998 0.962 0.881
Ours 0.710 0.962 0.958 0.971 0.946 0.830 0.936 0.886 1.000 0.966 0.917
AST [9] - - - - - - - - - - 0.902
< [M3DM
é [5] 0.974 0.987 0.962 0.998 0.966 0.941 0.973 0.984 0.996 0.985 0.977
=
8 CFM [6] 0.983 0.982 0.964 0.989 0.949 0.946 0.969 0.980 0.995 0.987 0.974
Ours 0.984 0.986 0.974 0.994 0.969 0.962 0.968 0.982 0.994 0.994 0.981
AST [9] - - - - - - - - - - 0.744
% 1[\;1]3DM 0.906 0.923 0.803 0.983 0.855 0.688 0.880 0.906 0.966 0.955 0.882
8 CFM [6] 0.942 0.902 0.831 0.965 0.875 0.762 0.791 0.913 0.939 0.949 0.887
Ours 0.938 0.897 0.820 0.963 0.864 0.808 0.792 0.897 0.941 0.956 0.888
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Fig. 3. Qualitative comparison of anomaly localization results on the
Eyecandies dataset.
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Fig. 2. Qualitative comparison of anomaly localization results on the
MVTec 3D-AD dataset.
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