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Since collecting defect data in industrial environments requires considerable time and cost, unsupervised
learning-based anomaly detection algorithms are being developed to solve this problem. However, research on
anomaly detection in the casting process of producing impellers has focused on supervised learning approaches.
Therefore, in this paper, we propose an unsupervised deep learning model for anomaly detection in the casting
process. The autoencoder used in Efficient AD is limited in detecting fine-grained defect patterns in impeller
data due to its upsampling reconstruction method. So, we change to an autoencoder that utilizes transposed
convolution layers, a learnable upsampling method, to improve the detection of fine defects. In addition, we
provide pixel-precise ground truth regions of impeller anomalies to evaluate pixel-level localization performance
of various unsupervised anomaly detection algorithms in future research. Experimental results, through the
impeller dataset, demonstrate the superiority in detection accuracy, inference efficiency, and particularly

pixel-level localization.
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Figure 1. Result Samples from the Impeller Dataset. Left: images with the pixel-precise ground truth highlighted in orange. Right:

anomaly map obtained by our method. Areas closer to red are identified as defects, while blue areas are identified as normal.
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g Positive Positive §
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g Negative || Negative
& (FN) (TN) 02 04__06 08 10 02 04 06 08 10
FPR Recall
Figure 5. Confusion Matrix(left) and AUROC(middle), AUPRC(right).
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Table 1. Image-level Anomaly Detection for the Pump Impeller Dataset. Best Results are Highlighted in Bold.
Model AUROC AUPRC Precision Recall Fl-max
PSVDD
(Yi and Yoon, 2020) 89 86.63 77.12 91 83.49
SPADE
(Cohen and Hoshen, 2020) 97.19 97.17 89.72 96 92.75
PaDiM
(Defard et al., 2021) 97.92 98.02 96.74 89 92.71
PatchCore
(Roth et al., 2022) 99.4 99.55 95.19 99 97.06
AST
(Rubolgh et al, 2023) 100 100 100 99 99.5
EfficientAD
(Batzner et al., 2024) 99.59 99.63 96.08 98 97.03
Ours 99.81 99.86 100 99 99.5
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Table 2. Pixel-level Anomaly Detection for the Pump Impeller
Dataset. Best Results are Highlighted in Bold.

Model AUROC |PRO-score | Fl-max
PSVDD 82 51 11.89
(Yi and Yoon, 2020)
SPADE 89.05 74.9 26.16
(Cohen and Hoshen, 2020)
PaDiM 84.09 73.95 22,68
(Defard et al., 2021)
PatchCore 90 63.67 17.59
(Roth et al., 2022)
AST 87.77 57.67 14.51

(Rubolph et al., 2023)

EfficientAD 85.68 7386 | 29.04

(Batzner et al., 2024)

Ours 90.66 75.83 29.7
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Table 3. Comparison on Each Category of MVTec AD. (-,) denotes the image-level AUROC(%) and pixel-level AUROC(%). Best

results are highlighted in bold.

Category PatchCore EfficientAD Ours
Bottle (100, 97.88) (100, 98.69) (100, 98.53)
Cable (98.73, 98) (94.38, 97.52) (91.19, 96.28)
Capsule (97.53, 98.4) (98.28, 99.08) (98.04, 99.1)
Carpet (98.19, 98.42) (96.51, 95.76) (96.43, 95.83)
Grid (94.32, 95.73) (99.92, 97.06) (100, 97.27)

Hazelnut (100, 98.15) (99.89, 98.16) (99.82, 98.05)
Leather (100, 98.64) (100, 97.93) (100, 97.99)

Metal nut (99.66, 96.85) (98.09, 98.13) (98.09, 98.73)
Pill (94.14, 98.36) (99.29, 98.53) (98.9, 98.69)
Screw (95.31, 98.44) (96.64, 99.11) (98.63, 99.21)
Tile (98.59, 94.8) (99.93, 96.18) (99.9, 96.21)

Toothbrush (100, 98.21) (100, 97.81) (100, 98.34)

Transistor (99.62, 97.87) (99.92, 94.65) (99.74, 94.22)
Wood (99.56, 93.16) (98.51, 93.71) (99.42, 94.13)
Zipper (98.92, 96.94) (97.77, 97.96) (98.06, 98.01)

Average (98.31, 97.32) (98.61, 97.35) (98.55, 97.37)




Pixel-level Anomaly Detection System for Casting Process Using an Unsupervised Deep Learning Model 337

Table 4. Latency in Milliseconds, as Shown in <Figure 6> of the Main Paper

Metric PSVDD SPADE PaDiM PatchCore AST EfficientAD Ours
Latency [ms] 675.64 153.5 77.22 45.79 66.71 4.17 4.03
1390, of e ANTOT WE o4 BA £ FTEA

CX °ﬂ EHOH AL EECl 2 AA A5 A2

Model Latency on RTX A5000

Models
BN FatchSVDD
EEm SPADE
E FaDiM
W PstchCore
. AST
B EfficientAD
=3 Ours

102

Latency [ms]

101

Figure 6. Latency for Each Anomaly Detection Model on an
NVIDIA RTX A5000
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