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Abstract: Objective The difficulty in obtaining defect samples in industrial scenarios causes many existing anomaly detec-
tion algorithms to rely solely on normal samples during the training phase. These methods demonstrate strong performance
in industrial defect detection by training a single model tailored to specific product types. However, traditional anomaly

detection methods mainly focus on the current task in industrial product defect discrimination, which frequently results in
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catastrophic forgetting knowledge of previously learned tasks when the model is trained on new tasks. As product objects
and defect types continuously change and diversify in real-world industrial environments, anomaly detection models need to
possess greater flexibility and continuous adaptation capability to cope with new tasks and data. Therefore, this study pro-
poses an adapter-enhanced two-stage continual defect detection (AETS) method tailored for continuous anomaly detection
tasks. Method First, based on the AdaptFormer framework, this study introduces an external attention mechanism to aug-
ment the capability of the model to capture global dependencies across sequential tasks, which enhances generalization per-
formance on new tasks. This enhancement is crucial in industrial anomaly detection, which enables the AETS model to
adapt to diverse and complex defect types across different products. Furthermore, combining parameter-efficient tuning
technique with vision Transformer (ViT) pre-trained models, the AETS framework incorporates two primary stages of train-
ing to enhance the ability of the model to retain previously learned knowledge while effectively adapting to new tasks. The
first stage focuses on adaptation, where a full parameter fine-tuning strategy is employed to mitigate the domain shift
between natural and industrial images. This procedure is critical given that the differences in feature distributions between
the two domains can severely hinder the performance of industrial anomaly detection models when directly applied to indus-
trial datasets. The AETS model integrates an external attention mechanism into the existing AdaptFormer architecture to
further enhance the adaptation process. This integration allows the model to capture long-range dependencies across
sequential tasks, which is vital for maintaining performance across different domains and tasks. This incorporation of exter-
nal attention enables the model to better generalize to new tasks by improving the representation learning of global contex-
tual information, which not only improves the ability of the model to attend to relevant features but also enhances its capac-
ity to model global contextual information. By refining the representation learning of the model, the external attention
mechanism improves the flexibility and robustness. In the second stage, which is known as efficient fine-tuning, the AETS
method utilizes adapter modules to selectively fine-tune a minimal number of parameters. This way reduces computational
overhead while retaining essential knowledge from previously learned tasks. By freezing most of the parameters, the model
can preserve knowledge from prior tasks and mitigate catastrophic forgetting, which is a common challenge in continual
learning settings. The adapter-enhanced module is designed to enhance the capacity of the model to handle new tasks with-
out overwriting previously learned information. This capability ensures that the model can continuously adapt to evolving
data distributions in industrial environments. Forgetting measure (FM) only evaluates the forgetting compared with the
maximum performance achieved in the past for each task at the completion of the final model training. This study intro-
duces a novel evaluation metric called forgetting fluctuation rate (FFR) , which is specifically designed for continuous
learning scenarios to provide a comprehensive assessment of the catastrophic forgetting problem. FFR is used for quantify-
ing the extent of forgetting during the learning process and can provide a more granular assessment of model stability across
sequential tasks. By measuring the fluctuation in forgetting over time, FFR helps evaluate how well the model retains its
knowledge while learning new tasks, which offers a more robust evaluation of continual learning performance in industrial
defect detection scenarios. When the FFR value is low, the forgetting ability of the model is relatively smooth, with less
performance fluctuation. Conversely, higher values mean greater fluctuations in forgetting. Result We conduct extensive
experiments using three benchmark datasets from the MVTecAD dataset, which are specifically divided to evaluate the per-
formance of the model in different industrial defect detection scenarios. The AETS method demonstrates significant
improvements in average accuracy (ACC). Specifically, it achieves scores of 84.21%, 89.16%, and 78.49% on the
MVTec-MCIL, MVTec-SCIL, and MVTec+MTD datasets, respectively. These results indicate that AETS outperforms
other continual learning models, especially in terms of efficiency and resource utilization. Compared with five continuous
learning methods, AETS exhibits the best performance in terms of ACC and FM metrics, with the smallest number of train-
ing parameters. Furthermore, when compared with six state-of-the-art parameter-efficient tuning methods, AETS achieves
optimal FFR values. This result demonstrates that our method not only improves model accuracy but also provides a light-
weight solution that is more practical for real-world industrial applications. We perform ablation studies to further validate
the effectiveness of our proposed method. Specifically, the ablation experiments focus on selecting the optimal scaling fac-
tor and determining the best structure for the adapter enhancement module. These experiments are crucial in achieving a

balanced trade-off between the plasticity of the model, which enables it to adapt to new tasks, and its stability, which helps
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preserve previously learned knowledge. Conclusion This study presents a novel continual anomaly detection method called
AETS, which leverages the powerful feature representation capability of pre-trained models combined with adapter-
enhanced modules to improve continual learning performance in industrial defect detection tasks. AETS, which adopts a
two-stage training process, effectively addresses domain shift issues between natural and industrial images. It also effi-
ciently captures task-relevant features through parameter-efficient fine-tuning, which not only mitigates catastrophic forget-
ting but also enhances the training efficiency of the model. In addition, the introduction of FFR validates the robustness
and adaptability of the model in dynamic industrial environments. The experimental results demonstrate that AETS can
achieve competitive performance across various benchmark datasets. It not only maintains high detection accuracy but also
significantly enhances the stability and plasticity of the model in the context of continuous learning. By mitigating cata-
strophic forgetting, AETS effectively enables the model to adapt to new tasks without compromising previously learned
knowledge. These advantages make AETS particularly well suited for real-world industrial applications, where accuracy
and the ability to continuously learn from evolving data are essential for practical deployment and long-term performance.

Key words: continual learning (CL) ; industrial product defect detection; anomaly detection; adapter enhancement; two-

stage training; parameter-efficient tuning (PET) ; forgetting fluctuation rate (FFR)
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Fig. 1 Schematic diagram of the overall structure of AETS
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Fig. 2 Schematic diagrams of the structure of adapter and
adapter enhancement module ((a) serial adapter structure ;
(b) parallel adapter structure; (c) enhanced adapter
structurel : serial adapter fusion EA; (d) enhanced

adapter structure2: parallel adapter fusion EA)
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Fig.3 The diagram of accuracy variation of continual

learning model
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K1 ARESWHIBFELE seq-MVTec LAY R 3L

Table 1 Comparison of results from different PET methods on the seq-MVTec
MVTec-MCIL/% MVTec-SCIL/% MVTec+MTD/%
ik NS HEMm

ACCT FM | FFR| ACCT FM | FFR| ACCT FM | FFR/
Upper Bound 87.58 88.07 1.94 244 91.70 0.47 1.86  84.65 0.89 1.17
Fine-tuning 87.58 68.53 25.69 1490 77.06 9.66 21.11 7349 1839 25.11
SSF(Lian %,2022) 0.21 72.22 9.17 19.96  80.25 4.98 6.63 57.32  10.68 13.26
VPT-Shallow(Jia 5F,2022) 0.00 71.85 1.89 870  65.77 721 16.60  71.11 225 310
VPT-Deep(Jia %F,2022) 0.05 58.38 1352 2091 61.64 1496 19.74 6025 13.19 2141
Mona(Yin4§,2023) 1.41 52.88 3.46 9.63 47.04 11.70 14.02  51.67 472 1273
SSTAT(Tan %,2024) 1.20 47.75 8.17 1829  45.65 4.47 583 57.01 15.61 14.25
AdaptFormer(Chen %7, 2022) 1.19 82.02 2778  2.03  84.96 2.84 249 7850 232 342
AETS(A3C) 2.37 84.21 1.65 1.39  89.16 0.94 1.65 7849 3.18 2.22
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(1.65% vs 6.83%) . 4.00% (0.94% vs 4.94%) F
6.01% (3. 18% vs 9. 19%) , FFR {43 5| F&AIK 2. 06%

(1.39% vs 3.45%) . 1.19% (1. 65% vs 2. 84%) FlI
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55 AN 233 BE TP IHAT 55 B9 PR RE , 3 %) T 2K 1]
IS E I FH 9 3% 2 S BRI Ry O
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seq-MVTec 1 3 P EEHEZAE AL I, J9 00l 284 X6 1 28 001)
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Table 2 Comparison of results from different types of CL methods on the seq-MVTec

) Y58 MVTec-MCIL/% MVTec-SCIL/% MVTec+MTD/%
ok WM Acct FM L FFR| ACC T FM | FFR| ACC T FM | FFR]
Upper Bound 87.58  88.07 1.94 244 91.70 0.47 1.86  84.65 0.89 1.17
Fine-tuning 87.58  68.53  25.69 1490  77.06 9.66  21.11 7349 1839  25.11
ER(Riemer%§,2018) 11,77 59.15 2071 1540 5239 1231 1217 5279  19.60  13.57
DER (Buzzega % ,2020) 11.77 6737 1262 1411  64.63 757 1577 5674  16.85 9.84
DNE(Li % ,2022) 8521  82.04 6.83 345 8225 4.94 2.84 7836 9.19 4.99
MEMO(Zhou % ,2023) 11.18  53.90 598  19.14  56.57 1.27 501 4533 9.22  14.41

ADAM (Zhou % ,2024) 143.09 51.77 3.77 4.33 50.09 1.70 2.85 51.15 4.10 1.97

AETS(A ) 2.37 84.21 1.65 1.39  89.16 0.94 1.65  78.49 3.18 2.22
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Fig. 4 Task-by-task ACC variation of twelve methods on seq-MVTec ((a) MVTec-MCIL; (b) MVTec-SCIL; (¢) MVTec + MTD)
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Fig. 5 The forgetting variation curve of the first task on seq-MVTec ((a) MVTec-MCIL; (b) MVTec-SCIL; (c) MVTec + MTD)
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Table 3 Ablation experiment results of the scaling factor on seq-MVTec

) MVTec-MCIL/% MVTec-SCIL/% MVTec+MTD/%
TEN T s
ACCT FM | FFR | ACCT FM | FFR | ACC T FM | FFR |
0.01 81.67 2.85 4.35 88.47 1.52 1.87 76.04 3.58 2.20
0.05 83.67 1.27 2.28 86.74 3.52 4.15 75.93 4.10 3.02
0.10 84.21 1.65 1.39 89.16 0.94 1.65 78.49 3.18 2.22
0.30 81.97 3.82 2.97 83.64 3.80 6.84 76.31 4.40 3.02
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Table 4 Ablation experiment results of adapter module structure design on seq-MVTec

" ‘ - MVTec-MCIL/% MVTec-SCIL/% MVTec+MTD/%
MEHZEN IS0/
ACC? FM | FFR | ACC? FM | FFR | ACCT FM | FFR |
(a) 1.19 82.75 3.26 2.38 85.10 3.04 2.53 75.34 3.20 431
(b) 1.19 79.03 4.99 2.17 83.77 2.70 3.02 78.76 3.79 2.77
(c) 2.37 84.21 1.65 1.39 89.16 0.94 1.65 78.49 3.18 2.22
(d) 2.37 78.10 5.08 4.48 88.31 1.34 1.05 76.02 2.26 2.53
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