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Abstract

Industrial visual anomaly detection remains challenging because practical inspection sys-
tems must achieve high detection accuracy while operating under highly imbalanced
data, diverse defect patterns, limited computational resources, and increasing demands
for interpretability. This work aims to develop a lightweight yet effective and explainable
anomaly detection framework for industrial images in settings where a limited number
of labeled anomalous samples are available. We propose a dual-branch feature-based su-
pervised ensemble method that integrates complementary representations: a PCA branch
to capture linear global structure and a scattering branch to model multi-scale textures.
A heterogeneous pool of classical learners (SVM, RF, ET, XGBoost, and LightGBM) is
trained on each feature branch, and stable probability outputs are obtained via stratified
K-fold out-of-fold training, probability calibration, and a quantile-based threshold search.
Decision-level fusion is then performed by stacking, where logistic regression, XGBoost,
and LightGBM serve as meta-learners over the out-of-fold probabilities of the selected top-K
base learners. Experiments on two public benchmarks (MVTec AD and BTAD) show that
the proposed method substantially improves the best PCA-based single model, achieving
relative F1_score gains of approximately 31% (MVTec AD) and 26% (BTAD), with maximum
AUC values of about 0.91 and 0.96, respectively, under comparable inference complexity.
Overall, the results demonstrate that combining high-quality handcrafted features with
supervised ensemble fusion provides a practical and interpretable alternative/complement
to heavier deep models for resource-constrained industrial anomaly detection, and future
work will explore more category-adaptive decision strategies to further enhance robustness
on challenging classes.

Keywords: industrial visual anomaly detection; scattering transform; principal component
analysis (PCA); ensemble learning; stacking

1. Introduction

Modern industry is currently undergoing a critical transition toward intelligent and
data-driven industrial inspection systems. With the rapid development of the Internet of
Things (IoT) and the Industrial Internet of Things (IloT), sensors, actuators, and control
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systems are being deeply integrated to enable smart manufacturing environments with
autonomous monitoring and decision-making capabilities [1-3]. In this context, the volume
of heterogeneous data generated by industrial production processes is growing rapidly.
Timely detection of equipment faults, process anomalies, and product defects from massive
data streams has therefore become a core challenge for quality control and operational
safety in modern manufacturing.

Anomaly detection (AD) aims to identify instances that deviate from expected patterns
in data that are predominantly composed of normal samples. It has been widely applied in
surface defect detection, condition monitoring, intrusion detection, and other scenarios [4,5].
In industrial visual inspection, anomalies often manifest as subtle scratches, contamination,
wear, or structural deformation. Such defects typically exhibit complex distributions,
limited prior knowledge, and severe class imbalance, which impose stringent requirements
on the generalization ability and robustness of detection algorithms.

A variety of technical routes have been proposed for anomaly detection, including
statistical modeling, traditional machine learning, and deep-learning-based methods [6-8].
Statistical models, such as Gaussian mixture models and Bayesian anomaly detection, rely
on strong prior assumptions about the underlying data distribution, and their performance
tends to degrade when the true distribution is complex or heavily contaminated by noise [9].
Traditional machine learning methods, such as support vector machines (SVMs) [10],
random forests (RFs) [11], isolation forests (IFs) [12], k-nearest neighbors (k-NNs) [13],
and clustering-based approaches [14], generally offer good stability and interpretability on
small- to medium-scale datasets with relatively stable structures. To alleviate the limitations
of hand-crafted features, PCA-based dimensionality reduction and statistic-based feature
selection have gradually become key steps for improving the robustness of traditional
machine learning pipelines [15].

In recent years, unsupervised and self-supervised deep learning methods have
achieved remarkable progress in industrial visual anomaly detection. Representative
approaches include reconstruction-based autoencoder/variational autoencoder (AE/VAE)
methods [16], synthetic anomaly generation such as CutPaste [17], normalizing-flow-based
models like FastFlow [18], and pretrained feature-based methods such as PaDiM [19]
and PatchCore [20]. These methods have reached or even surpassed the performance of
supervised models on benchmarks like MVTec AD.

However, deep models often require large training datasets and substantial compu-
tational resources, which are not always compatible with industrial environments with
limited hardware. Moreover, their decision-making processes can be difficult to interpret,
and the deployment and maintenance costs further hinder practical adoption [21-24].

Despite the dominance of deep learning on public benchmarks, industrial visual
anomaly detection must simultaneously satisfy three tightly coupled requirements:
(i) reliable detection under severely imbalanced and scarce labeled anomalies, (ii) low-
latency inference on resource-constrained edge/production-line hardware, and (iii) de-
cision transparency for engineering verification. These constraints make it difficult to
directly deploy many high-capacity deep models in real inspection pipelines. Therefore, the
scientific problem addressed in this work is how to design a resource-efficient yet accurate
anomaly detection approach that remains robust under limited and imbalanced labeled
defects while providing interpretable decision evidence suitable for industrial deployment.

To address the above problem, this study aims to develop a lightweight, effective,
and interpretable ensemble framework for industrial visual anomaly detection in settings
where a limited number of labeled anomalous samples are available. Specifically, we aim
to exploit complementary handcrafted representations and model diversity to obtain stable
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probability estimates and reliable decision boundaries without incurring the computational
cost of end-to-end deep models.

Against this background, ensemble learning has gained increasing attention in indus-
trial anomaly detection due to its ability to improve robustness, mitigate overfitting, and
enhance generalization by integrating multiple complementary models [25-28]. Although
one-class classification methods are widely used in anomaly detection [29-31], in many
industrial scenarios a small amount of defect labels can be obtained during routine inspec-
tion and quality auditing. Accordingly, this paper focuses on the supervised setting where
labeled anomalous samples are available.

To achieve this goal, we propose a dual-branch supervised ensemble learning frame-
work for industrial visual inspection, leveraging complementary handcrafted features and
decision-level stacking to improve detection robustness under limited labeled anomalies.
Specifically, the framework combines a PCA branch for global structural/statistical features
and a scattering transform branch for multi-scale and multi-orientation texture representa-
tions. At the model level, we construct a diverse pool of base learners, including SVMs, RFs,
extremely randomized trees (ETs), XGBoost, and LightGBM, and employ logistic regression
(LR), XGBoost, and LightGBM as meta-learners to perform decision-level stacking fusion.

Combined with a quantile-based adaptive threshold search and probability calibra-
tion, the proposed method achieves superior performance over single models and single-
branch features on two industrial anomaly detection benchmarks, MVTec AD [32] and
BTAD. The subsequent sections present the method design, experimental setup, and result
analysis in detail.

The main contributions of this work can be summarized as follows:

1. We propose a dual-branch supervised ensemble framework for industrial visual
anomaly detection, which combines a PCA branch for global structural features and a
scattering branch for multi-scale texture representations.

2. We design a heterogeneous multi-model pool with decision-level stacking fusion,
where SVMs, RFs, ETs, XGBoost, and LightGBM are used as base learners and
LR/XGBoost/LightGBM as meta-learners with calibrated probability inputs.

3. We conduct comprehensive experiments and visual analyses on the MVTec AD and
BTAD benchmarks, including per-category AUC comparison, PR/ROC curves, and
weight heatmaps, to systematically validate the effectiveness and interpretability of
the proposed method.

2. Methods and Implementation
2.1. Overall Framework

To address the challenges of highly imbalanced samples, diverse defect patterns,
and heterogeneous feature distributions across products/working conditions in industrial
visual anomaly detection, while simultaneously balancing detection performance with com-
putational and deployment costs, this paper adopts a dual-branch ensemble learning frame-
work. The overall architecture is illustrated in Figure 1 and consists of three components: a
feature engineering layer, a base-learner training layer, and a meta-learner fusion layer. In
the feature engineering layer, two parallel feature extraction branches are constructed:

(1) PCA-based linear feature branch.
The input RGB image is first converted to grayscale, resized, and standardized. Prin-
cipal component analysis (PCA) is then applied to retain 95% of the variance (the
resulting PCA feature dimensionality is typically around 100-110), followed by F-
statistics-based feature selection to remove redundant or weakly discriminative di-
mensions, since PCA components with high explained variance are not necessarily
the most discriminative for anomaly detection. Finally, a robust scaling (RobustScaler)
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Image data '

step is adopted to alleviate the influence of outliers and obtain stable low-dimensional
structural features.
(2) Scattering-based nonlinear feature branch.

Based on the Kymatio framework, a 2D Scattering transform is computed to extract
multi-scale, multi-orientation wavelet modulus coefficients, which are subsequently
aggregated by global pooling, log-transformed, and standardized. The scattering
branch provides high-dimensional nonlinear features that are sensitive to local texture,
fine-grained structures, and small defects. The dual-branch design leverages PCA to
capture global structure, while the scattering transform focuses on detailed textures,
enabling complementary modeling of the feature space.
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Figure 1. Overall architecture of the proposed dual-branch ensemble system.

In the base-learner training layer, independent pools of base models are constructed
on the two feature branches, including support vector machines (SVMs), random forests
(RFs), extremely randomized trees (ETs), XGBoost (XGB), and LightGBM (LGBM). For
each branch, a stratified K-fold out-of-fold (OOF) training scheme is employed to obtain
probability predictions on validation folds. The same data splits and evaluation metrics
are used across different models to ensure a fair comparison under a unified validation
protocol. Each base model is further tuned by grid search (GridSearchCV) to obtain
better performance.

To enhance the effectiveness of the fusion stage, the system automatically selects the
top-performing base models on each branch according to their F1_score on the validation
set. Concretely, the top-K base learners (K = 2 by default) from each branch are retained,
and their calibrated probability predictions are used as inputs to the stacking fusion. This
selection mechanism adaptively filters out overfitting or weak models and significantly
improves the quality of the inputs to the meta-learner.

The base learners in our ensemble are heterogeneous (tree-based models, margin-
based classifiers, and boosting methods). Retaining more base learners per branch (larger
K) increases the dimensionality of the meta-feature space, which can introduce redundancy
and raise the risk of overfitting when anomalous samples are limited. Moreover, empirical
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gains typically saturate as K grows, while computational cost and model size increase.

Therefore, to balance model diversity, generalization stability, and deployment efficiency in

resource-constrained industrial settings, we set K = 2 in this study.

Finally, in the meta-learner fusion layer, the validation probabilities of the selected
top-K base learners from both branches are concatenated into second-level features and fed
into three types of meta-learners—logistic regression (LR), XGBoost, and Light GBM—to
perform decision-level stacking. In this way, the complementary relationships among linear
models and tree ensembles can be exploited to learn optimal combination weights and
improve the overall performance. The fusion stage still adopts a quantile-based adaptive
threshold search strategy to determine the optimal decision boundary, thereby ensuring
stable and interpretable outputs.

For reproducibility (without repeating the above descriptions), we provide a concise
step-by-step pipeline:

1. Split: Stratified train/validation/test.

2. Preprocess: Grayscale, resize, normalize.

3. PCA branch: Fit StandardScaler on the training set, fit PCA to retain 95% variance
(~100-110 dims), apply to validation/test, and then perform F-test feature selection
and RobustScaler.

4.  Scattering branch: Extract scattering features; pool/transform; standardize (train-only).

Base learners: Train {SVM, RF, ET, XGB, LGBM} on each branch.

6. OOF & calibration: Stratified K-fold OOF probabilities (with calibration) for
stacking features.

o1

7. Top-K: Keep top-K base learners per branch by validation F1 (K = 2).
Stacking: Train meta-learner {LR/XGB/LGBM]} on OOF meta-features.
9.  Threshold & test: Choose threshold on validation; report test.

%

All fitted steps (PCA /selection/scaling, calibration, stacking, and thresholding) are
learned on training data only (or training folds for OOF) and then applied to validation/test.

2.2. Design of Base Learners and Meta-Learners

At the base-learner level, this work constructs, for both the PCA and scattering
branches, a heterogeneous pool of models consisting of SVM, RF, ET, XGBoost (XGB),
and LightGBM (LGBM). All base learners are trained with grid-search-based hyperparame-
ter optimization (GridSearchCV), and their outputs are wrapped by CalibratedClassifierCV
to obtain well-calibrated probabilities that are suitable for the subsequent probability-based
stacking fusion.

(1) Support vector machine (SVM).

SVM emphasizes margin maximization in high-dimensional spaces and is effective
when the decision boundary is nonlinear but data are limited. Class imbalance is handled
via class weighting, and probabilities are obtained via calibration.

(2) Random forest (RF).

RF is a bagging-based ensemble that reduces variance and improves robustness to
noise and feature redundancy. It is particularly stable for high-dimensional tabular repre-
sentations derived from images.

(3) Extremely randomized trees (ETs).

ETs further increase diversity by introducing stronger randomness in feature / threshold
selection. Compared with RFs, ETs often yield lower variance and complementary decision
patterns, making them suitable for noisy industrial representations.
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(4) XGBoost (XGB).

XGB is a representative gradient-boosting decision tree model that supports regular-
ization and efficient training. It can model complex nonlinear feature interactions and often
provides strong ranking performance for anomaly scoring.

(5) LightGBM (LGBM).

LGBM improves efficiency via histogram-based splitting and sampling/bundling
strategies, supporting scalable learning on high-dimensional features and achieving high
accuracy under limited computing budgets.

According to the diversity theory of ensemble learning, an effective ensemble requires
a proper balance between the accuracy and diversity of individual learners. Wood et al. [33]
and subsequent studies have further shown that, under the premise of maintaining suffi-
cient accuracy for each model, introducing learners with significantly different structures
and low error correlation is crucial for reducing the overall generalization error. Following
this principle, SVM, RE, ET, XGB, and LGBM are selected as base learners mainly due to the
complementarity of their hypothesis spaces and training mechanisms. SVM emphasizes
margin maximization in high-dimensional feature spaces; RF and ET focus on bagging-
based variance reduction and robust tree ensembles [34]; XGB and LGBM exploit gradient
boosting to model complex nonlinear interactions [35,36]. The combination of these models
enriches the diversity of decision boundaries and error patterns and thus leads to more
stable overall performance and better generalization when integrated via stacking [37,38].

2.3. Evaluation Metrics

Since this work adopts a supervised learning paradigm for image-level anomaly
detection, the evaluation metrics need to reflect both the discriminative capability under
class imbalance and the practical detection effectiveness. We treat “anomalous” samples
as the positive class. Let TP, FP, TN, and FN denote the numbers of true positives, false
positives, true negatives, and false negatives, respectively. Then, the common metrics are

defined as follows:
efined as follows TP

Precision = m (1)
TP
Recall = m (2)
TP + TN
Accuracy = TP TN £ FP - FN 3)
2 - Precision - Recall
Fl_score _ recision eca (4)

Precision + Recall

In highly imbalanced anomaly detection tasks, the F1_score, as the harmonic mean
of precision and recall, serves as the primary metric to measure the trade-off between
detection accuracy and coverage. In our comparisons of different models and configura-
tions, the F1_score is used as the main evaluation criterion, while accuracy is reported as a
supplementary reference for overall classification correctness.

To comprehensively evaluate the discriminative ability of the classifiers across different
thresholds, we also adopt the area under the receiver operating characteristic curve (AUC)
as a threshold-independent metric. Let ST and S~ denote the sets of positive (anomalous)
and negative (normal) samples, respectively, and let f(-) be the anomaly score output by a
model. Then, AUC can be written in the probabilistic form of ranking capability:

1
AUC = Z X;Nﬂ(s(xp) > s(xn)> (5)
XPEP
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where I(-) is the indicator function, which equals 1 if the condition in parentheses holds
and 0 otherwise. This definition shows that AUC is equivalent to the probability that a
randomly drawn positive sample receives a higher score than a randomly drawn negative
sample, thereby characterizing the global ranking ability of the classifier over the entire
threshold range. For scenarios with even more severe class imbalance, we additionally
employ the precision-recall (PR) curve and its corresponding average precision (AP) as
complementary evaluation measures.

Moreover, to quantify the “alarm strength” of the model and the reasonableness of
threshold selection under a fixed decision threshold, we introduce the predicted anomaly
rate as an auxiliary statistic. Let N;;e 4 be the number of samples predicted as anomalous
under a given threshold and let N be the total number of test samples. The predicted
anomaly rate is defined as follows:

~ N. d
Tanom = % (6)
Correspondingly, the true anomaly rate on the test set is the following;:
L 7)

Yanom =
N

where Nif,. denotes the number of truly anomalous samples. If, while maintaining a high

true
F1_score, rpreq is close to ruye, this indicates that the model’s probability outputs and the
chosen threshold are reasonably calibrated at the global level; thus, the model is unlikely to
produce excessively high false-alarm or miss rates in practice.

In summary, the F1_score is mainly used to assess the actual detection performance
at the selected threshold, accuracy provides a reference for overall correctness, AUC and
AP characterize the global discriminative ability over all thresholds, and the predicted
anomaly rate reflects the deployability of the model in industrial scenarios from the per-
spective of overall alarm proportion. The subsequent experiments will systematically
compare different feature branches, base learners, and stacking configurations based on the

above metrics.

3. Experiments
3.1. Dataset Description

In this study, two public industrial anomaly detection datasets, MVTec AD and BTAD,
are used to validate the proposed method.

The MVTec Anomaly Detection (MVTec AD) dataset is a standard benchmark in the
field of industrial visual anomaly detection. It contains 5354 high-resolution images from
15 industrial product categories (such as bottle, cable, etc.), covering more than 70 types of
defects and providing pixel-level ground-truth masks. As mentioned earlier, MVTec AD
consists of 4096 normal training images and 1258 anomalous test images, with an anomaly
rate of 23.5% in the test set. The products span multiple industrial domains, including
textiles, metal parts, pharmaceuticals, and electronic components, while the anomalies
involve various defect patterns such as scratches, breaks, contamination, and deformations.
Thanks to its rich product types, diverse defect modes, and precise annotations, MVTec
AD has become one of the most widely used benchmarks for evaluating both image-level
anomaly detection and pixel-level defect localization.

The Bottleneck Anomaly Detection Dataset (BTAD) proposed by Mishra et al. is a
real-world industrial dataset that contains three product categories (usually referred to as
product 1-3), with a total of 2830 RGB images. It is designed for evaluating both image-
level anomaly detection and pixel-level defect segmentation. Similar to MVTec AD, BTAD
includes both structural defects and surface defects, such as local breakage, indentations,
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scratches, contamination, and geometric deformations. However, the three products in
BTAD differ significantly in image resolution and imaging conditions, which further in-
creases the diversity of the dataset. Each anomalous image in BTAD is equipped with a
pixel-level defect mask, enabling researchers to assess detection accuracy and defect local-
ization performance under a unified framework. Compared with the multi-category MVTec
AD dataset, BTAD focuses more on high-resolution industrial products collected from real
production lines with fewer categories, thus posing higher robustness requirements for
algorithms under the conditions of small category numbers but diverse defect patterns.

By conducting experiments on both MVTec AD and BTAD, this work is able to com-
prehensively evaluate the effectiveness of the proposed method from multiple perspectives,
including dataset scale, product types, and defect pattern diversity.

3.2. Experimental Setup

Unless otherwise specified, all experiments in this paper adopt a 6:2:2 stratified random
split of the data, where 60%, 20%, and 20% of all samples are assigned to the training,
validation, and test sets, respectively. Stratified sampling is employed to ensure that
the proportion of anomalous samples is approximately consistent across the three subsets,
thereby guaranteeing the fairness and comparability of model evaluation. All models under
comparison share the same preprocessing, feature extraction, and training procedures.

For threshold selection, a quantile-based search strategy is used. Concretely, in the
interval [0.60, 0.90], candidate decision thresholds are generated with a step size of 0.01
according to the empirical quantiles of the predicted probabilities, and the threshold that
maximizes the F1_score on the validation set is chosen as the optimal decision threshold for
that model. In special cases where the probability distribution is overly concentrated, the
search degenerates to a uniform grid over [0, 1] to improve the robustness of threshold opti-
mization. During testing, all models use the corresponding optimal thresholds determined
on the validation set, ensuring a fair comparison under a unified decision criterion.

All experiments are conducted in a Python 3.12 environment. The scikit-learn 1.3+
library is used to implement the machine learning algorithms, while numpy 1.24+ and
pandas 2.0+ are used for data processing and analysis. The hardware platform consists of
an Intel Core i7 processor and 16 GB of RAM running the Windows operating system. All
implementations are based on open-source libraries, which facilitates the reproducibility of
the experimental results.

4. Results and Discussion
4.1. Overall Results on MVTec AD

On the MVTec AD dataset, we first compare the performance of single models built
on the linear PCA feature branch and the nonlinear scattering feature branch and then
examine the stacking ensembles with different meta-learners. For clarity, Table 1 reports, for
each of the PCA and scattering branches, the three single models with the highest F1_score,
as well as the stacking results obtained with logistic regression, LightGBM, and XGBoost
as meta-learners.

From Table 1, it can be observed that models based on scattering features are overall
clearly superior to those based on PCA features. On the PCA branch, the best-performing
model is PCA-ET, with an F1_score of 0.540 and an AUC of 0.780. On the scattering branch,
SCAT-LGBM increases the F1_score to 0.703 and the AUC to 0.907, while SCAT-XGB and
SCAT-RF also reach F1_scores of 0.682 and 0.673, respectively. This indicates that, on MVTec
AD, which is dominated by complex textures and diverse appearance defects, nonlinear
scattering features are more suitable than linear PCA features as supervised anomaly
detection representations.
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Table 1. Performance comparison on the MVTec AD dataset.
Models Accuracy Precision Recall F1_Score AUC Predicted Anomaly Rate
PCA-ET 0.750 0.474 0.625 0.540 0.780 0.309
PCA-XGB 0.702 0.419 0.697 0.523 0.783 0.390
PCA-LGBM 0.694 0.409 0.693 0.515 0.784 0.397
SCAT-LGBM 0.868 0.746 0.665 0.703 0.907 0.209
SCAT-XGB 0.857 0.713 0.653 0.682 0.902 0.215
SCAT-RF 0.845 0.665 0.681 0.673 0.887 0.240
Stacking-LR 0.865 0.714 0.705 0.709 0.911 0.232
Stacking-LGBM 0.867 0.774 0.614 0.684 0.886 0.186
Stacking-XGB 0.862 0.709 0.697 0.703 0.894 0.231

On this basis, the stacking models with three meta-learners further improve the
overall performance. Using logistic regression as the meta-learner, Stacking-LR achieves
an F1_score of 0.709 and an AUC of 0.911 on MVTec AD. While maintaining a high AUC,
it still brings a small but consistent improvement compared with the best single model
SCAT-LGBM (F1 = 0.703, AUC = 0.907). Stacking-XGB reaches an F1_score of 0.703, close to
SCAT-LGBM, with a slightly higher recall, whereas Stacking-LGBM attains an F1_score
of 0.684 under the lowest predicted anomaly rate (0.186), making it more suitable for
scenarios that are highly sensitive to false alarms. Overall, the combination of dual-branch
features, a multi-model pool, and stacking brings about a relative F1_score improvement
of approximately 31% on MVTec AD compared with the best PCA single-branch model
(0.540 — 0.709).

4.2. Overall Results on BTAD

As shown in Table 2, the overall trend on BTAD is consistent with that on MVTec AD:
the scattering branch significantly outperforms the PCA branch, and stacking on top of the
scattering branch further improves performance. On the PCA branch, PCA-ET achieves
an F1_score of 0.606, which is the best result within that branch. On the scattering branch,
SCAT-LGBM raises the F1_score to 0.736 and the AUC to 0.962, while SCAT-XGB and SCAT-
RF achieve F1_scores of 0.729 and 0.716, respectively. This shows that even on the BTAD
dataset, which has fewer categories but is closer to real production-line data, scattering
features still demonstrate clear advantages in representing textures and local defects.

Table 2. Performance comparison on the BTAD dataset.

Models Accuracy Precision Recall F1_Score AUC Predicted Anomaly Rate
PCA-ET 0.915 0.647 0.569 0.606 0.926 0.100
PCA-SVM 0.919 0.698 0.517 0.594 0.918 0.085
PCA-LGBM 0.923 0.771 0.466 0.581 0.922 0.069
SCAT-LGBM 0.945 0.813 0.672 0.736 0.962 0.094
SCAT-XGB 0.943 0.796 0.672 0.729 0.953 0.096
SCAT-RF 0.939 0.765 0.672 0.716 0.956 0.100
Stacking-LR 0.949 0.808 0.724 0.764 0.959 0.102
Stacking-LGBM 0.941 0.938 0.517 0.667 0.961 0.063
Stacking-XGB 0.937 0.783 0.621 0.692 0.960 0.091

At the ensemble level, using logistic regression as the meta-learner, Stacking-LR
obtains an F1_score of 0.764 and an AUC of 0.959 on BTAD. Compared with the best
single model SCAT-LGBM (F1 = 0.736, AUC = 0.962), this corresponds to an absolute F1
improvement of about 2.8 percentage points (a relative improvement of about 3.8%), while
maintaining a comparable AUC.
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Since the meta-features are condensed representations derived from the base learners,
the resulting meta-feature space tends to be close to linearly separable, especially after
probability calibration. From a bias—variance perspective, a linear meta-learner such as
logistic regression provides a favorable trade-off under limited anomalous samples: it
can learn a stable weighted combination of heterogeneous predictors with low variance
and reduced risk of meta-level overfitting. This also leads to more reliable probability
outputs and, consequently, a more robust validation-based threshold selection. In contrast,
boosting-based meta-learners introduce higher functional complexity at the stacking stage
and may fit spurious patterns in the meta-features, which is more likely when anomaly
labels are scarce. These considerations are consistent with our observations that logistic
regression yields more stable performance than XGB and LGBM as the meta-learner on
both MVTec AD and BTAD.

4.3. Comparison with Existing Methods on MVTec AD

As shown in Table 3, on the MVTec AD dataset, the proposed method achieves
competitive or even clearly superior AUC performance across all 15 subcategories. Taking
the arithmetic mean of the per-category AUC as an example, the proposed ensemble model
reaches 0.889, which is higher than VT-ADL [39]. Meanwhile, compared with classical
methods such as 1-NN, AE-MSE, VAE, and AE-SSIM, the average AUC improvements
of the proposed method are 0.249, 0.098, 0.250, and 0.194, respectively. Table 3 reports
per-category rank and the average rank across the 15 categories; the proposed method
achieves the best Avg. rank = 1.733 with 9/15 category-wise wins. These results verify
that, under the same data and evaluation protocol, supervised ensemble learning can
significantly improve the discriminative ability of image-level anomaly detection.

Table 3. AUC of different methods on each category of MVTec AD (taken from [40]).

Category 1-NN AE-MSE VAE AE-SSIM VT-ADL Ours
Carpet 0.512 0.456 0.501 0.647 0.773 0.908
Grid 0.228 0.582 0.224 0.849 0.871 0.512
Leather 0.446 0.819 0.635 0.561 0.728 0.999
Tile 0.822 0.897 0.870 0.175 0.796 0.876
Wood 0.502 0.727 0.628 0.605 0.781 0.992
Bottle 0.898 0.910 0.897 0.834 0.949 0.995
Cable 0.806 0.825 0.654 0.478 0.776 0.747
Capsule 0.631 0.862 0.526 0.860 0.672 0.943
Hazelnut 0.861 0.917 0.878 0.916 0.698 0.951
Metal Nut 0.705 0.830 0.576 0.603 0.320 0.820
Pill 0.725 0.893 0.769 0.830 0.705 0.845
Screw 0.604 0.754 0.559 0.887 0.928 0.819
Toothbrush 0.675 0.822 0.693 0.784 0.749 1.000
Transistor 0.680 0.728 0.626 0.725 0.549 0.952
Zipper 0.512 0.839 0.549 0.665 0.808 0.970
Means 0.640 0.790 0.639 0.694 0.807 0.889
Avg. rank 4.667 2.333 4.800 3.867 3.600 1.733
#Wins (rank = 1) 0 4 0 0 2 9

From the per-category results, the proposed method obtains the highest AUC on 9 out
of the 15 categories, including carpet, leather, wood, bottle, capsule, hazelnut, toothbrush,
transistor, and zipper. In particular, on categories such as leather, wood, bottle, and tooth-
brush, where the texture structure is relatively regular, and defect patterns are relatively
clear, the AUC is close to or even reaches 1.0. It should be noted that in a few categories,
such as grid, cable, and screw, the AUC of the proposed method is slightly lower than
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that of VI-ADL. Visual analysis on these categories shows that their normal samples often
exhibit strongly periodic geometric textures or complex background structures, and some
minor defects are easily confused with normal texture patterns at the base-learner level,
leading to a large overlap between the anomaly score distributions in the meta-features. In
addition, the current work adopts a globally unified calibrated threshold for decision mak-
ing, which may not be optimal for scenarios with large inter-class distribution differences.
This is a potential reason why the performance on a few “difficult categories” is slightly
worse. In future work, category-adaptive threshold learning or cost-sensitive meta-learning
strategies could be introduced to further improve robustness in these categories.

4.4. PR/ROC Curves and Weight Analysis on MVTec AD and BTAD

In addition to ROC-AUC, we report the area under the precision-recall (PR) curve
using average precision (AP), which is more informative under severe class imbalance.
Figure 2 summarizes PR and ROC comparisons on the MVTec AD validation set, with
zoomed views highlighting the high-precision and low-FPR operating regions. Overall,
Stacking-LR achieves the best ranking and discrimination performance, yielding the highest
AP (0.817) and AUC (0.911). The strongest single-learner SCAT-LGBM remains highly
competitive (AP = 0.812, AUC = 0.907), followed by SCAT-XGB (AP = 0.804, AUC = 0.902),
while SCAT-RF and the stacking variants with boosting meta-learners show lower over-
all performance (e.g., AUC = 0.894/0.886 for meta-XGB/meta-LGBM). Importantly, the
zoomed regions indicate that several top methods exhibit very close behavior under strict
false-alarm constraints, whereas Stacking-LR consistently stays among the leading curves
and tends to provide a slightly better recall/TPR at comparable precision/FPR, suggesting
a more stable fusion rule than high-capacity boosting meta-learners on this dataset.
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Figure 2. PR/ROC curve comparison on the MVTec AD validation set.

In Figure 3 (BTAD validation set), the PR and ROC curves of the top methods are
closely clustered, indicating that the performance gap among strong learners is relatively
small on this dataset. On the PR curves, SCAT-LGBM achieves the best ranking performance
with the highest AP (0.845), while Stacking-LR remains competitive (AP = 0.838) and is
comparable to other strong scattering-based models (e.g., SCAT-ET, AP = 0.835). The ROC
curves show a similar trend: the best AUC is obtained by SCAT-LGBM (0.962), followed by
SCAT-ET (0.961) and stacking variants (AUC = 0.959-0.960). Overall, these results suggest
that BTAD can be well handled by a single strong scattering-based classifier, whereas
stacking provides a stable and consistently high-performing alternative, with improvements
that are marginal in terms of AP/AUC due to the already saturated discrimination on this
benchmark. This is likely because the strongest base learner already offers near-saturated
separability on BTAD, leaving limited room for further gains from late fusion.

Figure 4 reports the normalized weights assigned to base learners by different meta-
learners. On MVTec AD, the fusion consistently places larger weights on scattering-based
predictors than on PCA-based ones. In particular, the LR meta-learner allocates most of
the mass to the two scattering models (scat:lgbm = 0.38, scat:xgb = 0.38), while the PCA
branch receives smaller contributions (pca:et = 0.11, pca:lgbm = 0.13). This “two-strong-
model” weighting pattern suggests that LR is exploiting complementary information from
multiple scattering predictors rather than relying on a single expert. In contrast, the XGB
meta-learner is more selective and strongly emphasizes scat:lgbm (0.52), with a secondary
weight on scat:xgb (0.27), indicating a sharper preference among base learners.

On BTAD, the weight distributions are generally less extreme under LR and LGBM,
where the four base models receive comparable shares (e.g., LR: 0.23/0.19/0.29/0.29;
LGBM: 0.26/0.26/0.29/0.19). Under XGB, the weights become more selective, but the
concentration is not stronger than the MVTec case: scat:et (0.47) is emphasized, while
scat:xgb (0.29) remains a stable contributor and the PCA models are downweighted (0.14
and 0.10). Combined with the curve-based results, these observations are consistent
with two points: (i) scattering features provide the dominant predictive power on both
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datasets; (ii) the best-performing stacking configuration on MVTec (Stacking-LR in Figure 2)
corresponds to a weight pattern that aggregates multiple strong scattering predictors,
whereas on BTAD (Figure 3) the top methods are already tightly clustered in AP/AUC,
and stacking mainly acts as a robust combiner rather than producing a clear margin over

the best single model.
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Figure 3. PR/ROC curve comparison on the BTAD validation set.
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Figure 4. Heatmap of base-learner weights on the MVTec AD and BTAD validation set.

4.5. Theoretical Interpretation and Practical Implications

This subsection provides a unified interpretation of our empirical findings from the
perspectives of representation complementarity, small-sample learning, and deployable
decision fusion.

These results suggest that, in texture-dominated industrial categories (e.g., scratches,
wear, dents), nonlinear and multi-scale scattering features contribute more critically to
decision making than PCA features. This is theoretically plausible because scattering repre-
sentations encode multi-scale and multi-orientation wavelet responses and are effective
at capturing local texture and fine-grained structural variations, which often constitute
the primary evidence of defects in surface inspection. This interpretation is consistent
with Mallat’s scattering theory, which shows that scattering representations are locally
translation-invariant and provably stable to small deformations. Such stability is partic-
ularly relevant for industrial surface inspection, where defects often appear as localized
texture perturbations under nuisance variations (e.g., slight misalignment or illumination
changes) [39,41]. In contrast, PCA is a linear variance-preserving projection that mainly
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emphasizes global directions of maximum variation; such directions are not necessarily
the most discriminative for subtle, localized texture anomalies. Nevertheless, PCA can
still provide complementary global cues that improve the stability of the ensemble when
combined with texture-sensitive scattering features.

From a broader perspective, feature-level complementarity is closely related to the
small-sample and class-imbalance regime commonly encountered in industrial anomaly
detection. When anomalous samples are scarce, learning highly complex representations
may increase estimation uncertainty and sensitivity to noise. Decomposing representation
learning into complementary linear (PCA-based global structure) and nonlinear (scattering-
based textures) components provides a structured way to control effective model complexity
while preserving discriminative information, which helps stabilize learning under limited
anomalies without relying on end-to-end deep feature learning.

Alternative analytic late fusion strategies, such as copula-based fusion or nonlinear
a-integration, have been shown to achieve theoretical optimality under criteria such as
least-mean-square error (LMSE) or minimum probability of error (MPE) when reliable
joint probability estimation is feasible [42]. However, these approaches typically rely
on sufficiently large sample sizes and relatively stable distributional assumptions. In
industrial anomaly detection, where anomalous samples are scarce and defect patterns
are highly heterogeneous, such assumptions are often difficult to satisfy in practice. From
a sample-size perspective, it is also important to ask how many labeled anomalies are
required to reach a target probability of error under severe class imbalance. This question is
fundamentally linked to the (unknown) Bayes risk and therefore remains difficult to answer
reliably when defect modes are heterogeneous. Recent work has proposed proxy learning
curves for the Bayes classifier to extrapolate performance from finite-sample observations
and thereby approximate the sample size needed for a desired error level. While a rigorous
sample-size estimation is beyond the scope of this study, this line of analysis offers a
principled direction for future deployment planning and data-collection budgeting [43,44].
In contrast, stacking formulates decision-level fusion as a supervised learning problem
on calibrated probability outputs, allowing combination weights and error correlations
among base learners to be learned directly from data; this data-driven property makes
stacking more robust and deployable under the small-sample and imbalanced conditions
considered in this work. In addition, the proposed dual-branch decomposition yields
favorable computational characteristics: PCA requires a one-time eigen-decomposition
during training and only a linear projection during inference, while the scattering transform
relies on predefined wavelet filters without trainable parameters, resulting in a fixed
and deterministic feature extraction cost. The stacking stage further operates on low-
dimensional calibrated probabilities, introducing negligible additional overhead. Overall,
the proposed framework provides a practical trade-off among detection performance,
interpretability, and computational cost, making it well suited for resource-constrained
industrial inspection scenarios.

5. Conclusions

Industrial visual anomaly detection remains challenging in practice because inspection
systems must achieve reliable detection under severely imbalanced and scarce defect
samples, heterogeneous defect patterns, limited computing resources, and increasing
requirements for interpretability and deployability. To address these constraints, this work
proposes a dual-branch supervised ensemble framework that combines complementary
handcrafted representations (PCA-based global structural cues and scattering-based multi-
scale texture descriptors) and integrates a heterogeneous pool of classical learners through
probability-calibrated stacking.
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The main scientific advancement of this study is the demonstration that supervised
ensemble learning equipped with complementary handcrafted features can provide a
reproducible, interpretable, and resource-efficient alternative (or complement) to heavy
deep anomaly detection models in industrial settings. Instead of relying on end-to-end deep
feature learning, our framework decomposes representation learning into a linear global
branch and a nonlinear texture branch and performs late fusion on calibrated probability
outputs. This design yields a robust decision mechanism under limited anomalies and
class imbalance, while keeping inference lightweight and operationally transparent. In this
sense, our approach also differs from and complements representative baselines frequently
used in anomaly detection, such as nearest-neighbor methods (e.g., 1-NN/k-NN) and
reconstruction-based models (e.g., AE/VAE), as well as recent deep baselines such as VT-
ADL: rather than modeling normality or relying on heavy end-to-end training, we explicitly
leverage supervised defect cues when a small number of anomaly labels is available.

Experiments on MVTec AD and BTAD show clear improvements over PCA-only
supervised baselines under comparable inference complexity (e.g., the best PCA-based
single model improves from F1 = 0.540 to 0.709 on MVTec AD and from F1 = 0.606 to
0.764 on BTAD). Moreover, the per-category AUC comparisons against literature-reported
methods further confirm that the proposed fusion is competitive across categories, while
remaining lightweight for deployment. Beyond aggregate metrics, per-category AUC
comparisons, PR/ROC analyses, and ensemble-weight visualizations consistently indicate
that the scattering branch provides dominant discriminative evidence for texture-heavy de-
fects, while the PCA branch supplies complementary global cues that stabilize fusion. The
results also suggest that, when meta-features are low-dimensional calibrated probabilities,
logistic regression can serve as a particularly stable meta-learner, likely due to a favorable
bias—variance trade-off at the stacking level.

This manuscript is intended to be directly reusable: researchers and practitioners can
replicate the pipeline with standard machine-learning toolkits, replace individual modules
(feature branches, base learners, calibration strategies, meta-learners), and deploy the
method in production-line environments where GPUs or large-scale defect annotations are
unavailable. From a practical perspective, the proposed framework can be integrated into
resource-constrained industrial inspection systems, providing a favorable trade-off among
detection performance, computational cost, and interpretability, which can further reduce
rework and waste and improve operational safety.

This study focuses on supervised image-level anomaly detection and requires at least
a limited number of labeled anomalies. Future work will explore self/semi-supervised
extensions, more category-adaptive decision strategies (e.g., adaptive thresholding), and
anomaly localization to further enhance robustness on challenging classes and broaden
applicability across varying products and working conditions.
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