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Abstract

Deploying visual anomaly detection in industrial production requires retraining models
for each product domain, leading to substantial costs in data collection, computational
resources, and energy consumption that scale poorly across diverse manufacturing envi-
ronments. This paper proposes PFAD, a parameter-efficient framework for cross-domain
anomaly detection without retraining, enabling the direct deployment of a source model
trained on a benchmark dataset to unseen industrial settings in a zero-shot manner. PFAD
leverages a frozen vision transformer backbone and introduces Soft Anomaly-Aware Fea-
ture Selection (Soft AFS), which assigns continuous weights to feature channels based on
anomaly discriminability, preserving information while enhancing cross-domain generaliza-
tion without relying on synthetic anomalies or target-domain data. Extensive experiments
on both public benchmarks and real-world industrial datasets demonstrate that PFAD
achieves strong cross-domain performance, including an image-level AUROC of 0.945 for
semiconductor PCB inspection using only a public dataset for training. Furthermore, PFAD
supports an optional one-shot inference extension, where a single normal reference image
improves detection performance in scenarios with large domain gaps (up to +10.4 pp), most
effectively when zero-shot transfer leaves meaningful headroom. These results demonstrate
that PFAD provides a practical and scalable solution for industrial anomaly detection by
eliminating repeated retraining cycles and reducing associated computational and energy
overhead, while maintaining high performance across heterogeneous domains.

Keywords: anomaly detection; cross-domain transfer; feature selection; vision transformer;
zero-shot; few-shot

1. Introduction
The rapid advancement of Industry 4.0 and smart manufacturing has elevated in-

telligent quality inspection to a critical function in modern production systems [1–3].
Automated visual anomaly detection (AD) is now widely deployed across industries
such as semiconductor manufacturing, pharmaceuticals, and precision manufacturing,
where manual inspection cannot meet the increasing demands for throughput, consistency,
and reliability [4–7]. In semiconductor fabrication, for example, each new process node
or product generation introduces inspection requirements that existing models cannot
satisfy—driving repeated model development cycles that delay yield ramp and increase
time-to-market. In pharmaceutical manufacturing, regulatory mandates for 100% visual
inspection, combined with frequent batch and formulation changes, mean that inspection
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systems must be rapidly deployable across diverse product configurations without lengthy
model development pipelines.

Despite significant progress in benchmark performance, most existing AD systems re-
main inherently domain-dependent: models trained on one product category or inspection
environment typically fail to generalize to others. As a result, deploying AD in real-world
factories requires repetition of the full pipeline of data collection, annotation, model train-
ing, and validation for every new product line. This per-domain retraining paradigm
introduces substantial operational costs. As product portfolios grow, cumulative GPU
computation, energy consumption, and engineering labor scale proportionally—directly
undermining the resource efficiency and sustainability goals of modern manufacturing [8].

The limitations of this paradigm can be summarized in three dimensions. First, data
collection and curation must be repeated for each product variant [9], requiring significant
engineering effort to gather representative normal samples and validate defect patterns. Sec-
ond, computational overhead accumulates across retraining cycles: repeated GPU-intensive
training for each product variant generates energy consumption that, when multiplied
across a multi-line facility, represents a non-trivial environmental burden inconsistent with
the sustainability commitments increasingly adopted across manufacturing sectors. Third,
models trained in one domain often exhibit severe performance degradation when trans-
ferred to another [10,11], reflecting their reliance on domain-specific visual features such
as texture, color distribution, and imaging conditions. Together, these three dimensions
constitute a sustainability barrier that scales adversely with product portfolio diversity.
These challenges motivate a fundamental research question: To what extent can an anomaly
detection model trained on a source dataset be directly deployed to unseen industrial domains
without requiring any target-domain data or retraining?

Recent research has explored zero-shot AD approaches, particularly those based
on vision–language models (VLMs) [12–15], which leverage textual prompts to define
normality and abnormality. While promising, these methods introduce new complexities,
including dependence on language encoders, sensitivity to prompt design, and the use of
additional adaptation modules. In industrial inspection settings—where anomalies are
often subtle, domain-specific, and purely visual—such dependencies can limit practicality
and require expertise that may not be available on the factory floor. VLM-based methods
may struggle in underrepresented industrial domains where visual–textual co-occurrence
during pretraining is limited [15].

An alternative direction is represented by vision-only approaches based on frozen
foundation models. Notably, UniADet [16] demonstrates that strong zero-shot and few-shot
anomaly detection performance can be achieved without language encoders by learning
lightweight decoupled direction vectors (Wcls, Wseg) on top of frozen vision transform-
ers (e.g., DINOv2 [17], DINOv3 [18]). However, this approach treats all feature channels
equally, implicitly assuming that each channel contributes uniformly across domains. We
hypothesize that this assumption is problematic in cross-domain settings: some channels
encode domain-specific information (e.g., texture and color) that can act as noise during
cross-domain transfer, thereby degrading the learned direction vectors on unseen target
domains. In a deployment context, this means that a source model may degrade unpre-
dictably when transferred to a production line with different surface characteristics or
imaging conditions, even when the inspection task is structurally similar. This hypothesis
motivates our graded channel-weighting design (Section 3.3).

Feature selection methods provide a complementary solution by identifying channels
most relevant for anomaly detection. RealNet [19] introduced Anomaly-aware Feature
Selection (AFS), a self-supervised method that evaluates each channel’s anomaly discrimi-
native capability and selects the top-mk channels via hard thresholding. While effective
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within a single domain, such hard selection strategies discard a large portion of the feature
space, causing information loss. This limitation is particularly critical in cross-domain
scenarios: channels discarded based on the source domain may be precisely those needed
to detect defects in an unseen target domain.

To address these limitations, we propose PFAD, a framework for retraining-free
cross-domain deployment that combines the strengths of both approaches with two
key improvements:

1. Soft AFS: We propose a soft, information-preserving alternative to RealNet’s hard
channel selection [19], replacing binary top-k masks with a softmax-based weighting
mechanism (w = softmax(−MSE/τafs)× d) that retains all channels while calibrating
anomaly-relevant ones. This preserves information from channels that may be less
important in the source domain but critical in unseen target domains. The absolute
performance gain over uniform channel weighting is modest (at most +0.11 pp image-
level AUROC on public benchmark pairs; Section 4.4.1); its primary value lies in
statistical stability and calibrated selectivity across diverse domain-transfer scenarios.

2. Real defect-based calibration: Instead of relying on synthetic anomalies (e.g., SDAS
in RealNet), we calibrate channel weights using source-domain data, eliminating the
distribution gap between synthetic and real anomalies.

In this work, “retraining-free” refers specifically to target-domain deployment: PFAD
is trained once on a selected public source dataset and then transferred to unseen target
lines without any target-side data collection or optimization. This design directly reduces
the cumulative computational, energy, and engineering overhead associated with deploy-
ing inspection across multiple product lines, supporting the resource-efficiency goals of
sustainable manufacturing.

Our contributions are as follows:

1. We introduce Soft AFS, a method for channel-level, anomaly-aware weighting that
improves cross-domain transferability while preserving feature information. This
approach enables new product lines to be commissioned by training the model once
on an appropriate public source dataset and deploying the resulting source model
without target-domain retraining.

2. We propose calibrating AFS weights using source-domain data, eliminating depen-
dence on synthetic anomaly generation pipelines and leveraging existing
inspection records.

3. We demonstrate that training only 0.02 M parameters on a frozen backbone reduces
per-domain setup to approximately 18 minutes on a single GPU, enabling integration
into production-line quality management systems without dedicated AI infrastructure.

4. We validate PFAD on both public benchmarks (MVTec AD, VisA, BTAD, Kolek-
torSDD) and real industrial datasets (semiconductor PCB inspection and pharmaceuti-
cal packaging), demonstrating that the same PFAD architecture transfers across hetero-
geneous industrial target domains—semiconductors and pharmaceuticals—without
any per-domain retraining.

5. We provide an optional single-reference one-shot pathway that can further im-
prove detection at inference time when zero-shot performance has room for
improvement—e.g., Mono→ RGB sensor transfer (+4.8 pp) or large domain-gap sce-
narios such as Pharma (up to +10.4 pp)—without requiring any additional training.
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2. Related Work
2.1. Unsupervised Anomaly Detection

Unsupervised AD methods train exclusively on normal images and can be categorized
into three main categories. Embedding-based methods such as PatchCore [10] leverage
pre-trained features to separate anomalies in feature space. Discrimination-based methods
reframe AD as supervised learning via synthetic pseudo-anomalies. Reconstruction-based
methods detect anomalies based on reconstruction errors, assuming anomalous regions
cannot be faithfully reconstructed. DINOmaly [11] (CVPR 2025) builds minimal-adaptation
heads on frozen DINOv2 features for multi-class unsupervised AD, achieving strong within-
domain performance; however, it requires independent training on each target dataset and
does not support cross-domain zero-shot transfer. RealNet [19] combines hard AFS with
synthetic anomaly generation (SDAS) for single-domain training. Recent studies have
further extended unsupervised AD to unified frameworks: Jézéquel et al. [20] introduced
a multi-scale contrasted memory approach that supports both zero-shot and few-shot
settings within a single model. These methods are inherently constrained to seen classes
and require retraining for each new domain.

2.2. Zero-Shot and Few-Shot Anomaly Detection

Zero-shot AD has gained traction through VLMs such as CLIP [21]. WinCLIP [12]
introduces two-class textual prompts with multi-scale patch windows. AnomalyCLIP [13]
learns class-agnostic prompt embeddings. AdaCLIP [14] and Bayes-PFL [22] integrate
visual knowledge into prompt spaces. AdaptCLIP [15] proposes lightweight adapters
with alternating learning strategies that partially address domain representation gaps in
industrial settings. InCtrl [23] holistically integrates multi-level features for few-shot classi-
fication. Despite progress, VLM-based methods anchor features to CLIP’s visual-textual
co-occurrence space and typically require per-domain prompt engineering or adapter re-
training, with fewer than 1 million adapter/prompt parameters per domain; they may
struggle in niche industrial domains under-represented in pre-training. Few-shot learning
has also been applied to industrial fault diagnosis with limited labeled data [24], highlight-
ing the broader demand for sample-efficient adaptation methods in manufacturing. Recent
studies have also addressed domain gaps between pre-trained representations and target
inspection scenarios in few-shot settings [25], and cross-domain zero-shot transfer has been
explored via logit-space consistency constraints [26].

UniADet [16] demonstrates that language encoders are unnecessary by directly learn-
ing decoupled direction vectors (∼0.02 million parameters) on frozen vision foundation
models (DINOv2 [17], DINOv3 [18]), achieving strong cross-domain zero-shot results with-
out language supervision. Our work extends this architecture with soft, calibrated channel
weighting (Soft AFS) to improve robustness to domain-specific channel activation shifts
that raw direction vectors cannot anticipate.

2.3. Feature Selection for Anomaly Detection

RealNet [19] introduced AFS, which evaluates each channel’s ability to discriminate
between normal and anomalous regions via MSE against ground-truth masks and performs
hard top-k selection. While effective within a single domain, this approach suffers from
information loss and domain-specific bias in cross-domain settings. Our Soft AFS addresses
these limitations by assigning continuous weights to all channels, providing a more flexible
mechanism for cross-domain transfer.

Despite strong benchmark results, these methods have been primarily validated on
curated academic datasets; their applicability to real industrial inspection lines under
strict operational constraints—no downtime for retraining, heterogeneous sensors, diverse
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product variants—remains largely unexplored [1,9]. Table 1 summarizes the positioning of
PFAD relative to existing methods.

Table 1. Comparison of PFAD with related zero-/few-shot anomaly detection methods. PF = Prompt-
free; ZS = Zero-Shot (target-domain); FS = Few-Shot; XDom = Cross-domain transfer without target
retraining; Train. Params = learnable parameters during source-domain training (frozen backbone
excluded throughout). ✓ = supported; ✗ = not supported.

Method Backbone PF ZS FS XDom Train. Params

WinCLIP [12] CLIP ViT ✗ ✓ ✓ Limited 0 (infer. only)
AnomalyCLIP [13] CLIP ViT ✗ ✓ ✗ Limited <0.1M (prompts)
AdaCLIP [14] CLIP ViT ✗ ✓ ✓ Limited <1M (prompts)
AdaptCLIP [15] CLIP ViT ✗ ✓ ✓ ✓ <1M (adapters)
DINOmaly [11] DINOv2 ViT ✓ ✗ ✗ ✗ per-dataset
UniADet [16] DINOv3 ViT ✓ ✓ ✓ ✓ ∼0.02M
PFAD (ours) DINOv3 ViT ✓ ✓ ✓ ✓ 0.02 M

3. Proposed Method
3.1. Overview

The PFAD pipeline consists of four components: (A) a frozen DINOv3 backbone for
multi-scale feature extraction; (B) Soft AFS for channel weighting via one-time calibration;
(C) decoupled classification and segmentation heads; and (D) score fusion for final predic-
tions. An optional (E) memory bank supports the few-shot extension (Section 3.6). Figure 1
illustrates the overall architecture.

DINOv3
ViT-L/16
(frozen)

Soft AFS
(frozen)

Decoupled
Heads

(trained on
MVTec)

Score
Fusion

Input image
(VisA  unseen domain)

Output: anomaly heatmap
(overlay on input)

GT mask predicted

1-shot template
(VisA normal)

Memory bank
(1-shot)

Zero-shot path (no target data) Few-shot extension (1 normal image) Frozen (no training) Trained (lightweight heads)

Figure 1. The PFAD framework: a representative MVTec→ VisA zero-shot inference example. Solid
arrows: zero-shot data flow (frozen DINOv3 backbone extracts multi-scale patch tokens; Soft AFS
reweights channels; decoupled heads compute classification and segmentation scores; Score Fusion
produces the final anomaly map). Dashed arrows: optional one-shot few-shot extension (Block E), in
which a memory bank built from a single target-domain support image provides complementary
anomaly scores fused at the score level. Purple dashed box: optional few-shot extension module
(Block E). Blue borders: frozen modules; orange borders: trained modules.

3.2. DINOv3 Backbone

We employ DINOv3 ViT-L/16 [18] as a frozen feature extractor (300M parameters,
no gradient computation). Given an input image X ∈ R3×512×512, features are extracted

https://doi.org/10.3390/su18136684

https://doi.org/10.3390/su18136684


Sustainability 2026, 18, 6684 6 of 22

from five intermediate Transformer blocks {11, 14, 17, 20, 23} (0-indexed), yielding per-
layer outputs:

xl
q ∈ Rd, Fl

q ∈ RN×d, (1)

where xl
q is the global CLS token, Fl

q are local patch tokens, d = 1024, and N = 32× 32 =

1024 patches.

3.3. Soft Anomaly-Aware Feature Selection
3.3.1. Motivation

Not all d = 1024 channels are equally useful for anomaly detection; treating them
with uniform weights [19] is a simplification that can degrade cross-domain transfer. Some
channels encode domain-specific information (e.g., texture patterns, color distributions)
that does not generalize across domains. RealNet’s hard AFS selects mk ≪ d channels per
layer, but this discards potentially useful information for unseen target domains.

3.3.2. Calibration Procedure

Soft AFS is a one-time calibration performed prior to training, consisting of three phases.
Phase 1 (Normal Reference): Normal test images from the source domain are passed

through the backbone, and the mean patch feature per layer is computed:

µl
normal =

1
|Dgood| ∑

X∈Dgood

Fl(X). (2)

Phase 2 (Channel-wise MSE Scoring): For each defect image with ground-truth mask
M, the squared feature difference from the normal reference is computed per channel i:

Ll
AFS(i) =

1
|Ddefect| ∑

X∈Ddefect

∥∥∥∥F([Fl
i (X)− µl

normal,i

]2
)
−M

∥∥∥∥2

2
, (3)

where F (·) performs min-max normalization and resolution alignment to the mask.
Phase 3 (Soft Weighting): Instead of hard top-k selection, we compute continuous

channel weights:

wl = softmax

(
−MSEl

τafs

)
× d, (4)

where τafs = 0.1 is the temperature parameter controlling weight sharpness, and scaling by
d = 1024 ensures E[wi] ≈ 1 to preserve feature magnitude.

3.3.3. Application

During both training and inference, features are reweighted element-wise as follows:

x̃l
q = xl

q ⊙wl , F̃l
q = Fl

q ⊙wl . (5)

Algorithm 1 summarizes the full calibration procedure.
Source-domain data requirements. Soft AFS calibration (Algorithm 1) and direction-

vector training require: (i) normal images from the source domain, and (ii) anomaly images
with pixel-level GT masks. This is a one-time source-domain setup (≈18 min on RTX A6000).
Target-domain deployment requires no additional data, labels, or retraining (zero-shot).
For the optional one-shot extension (Section 3.6), a single normal reference image from the
target domain is sufficient.
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Algorithm 1 Soft AFS Calibration

Require: Normal images In, anomaly images Ia with GT masks M, temperature τafs,
frozen backbone f

Ensure: Per-layer channel weights {wl}l∈L
1: µl

c ← 1
|In |·N ∑i,p f l

c(xi,p) ▷ mean normal patch feature per channel/layer
2: for (Ia, M) ∈ (Ia,M) do
3: for l ∈ L do
4: msel

c += meananomaly patches[(Fl
c(Ia)− µl

c)
2]

5: end for
6: end for
7: Average msel across all anomaly images
8: wl ← softmax(−msel/τafs)× d

3.4. Decoupled Classification and Segmentation Heads

Following UniADet [16], we decouple image-level anomaly classification and pixel-
level anomaly segmentation with independent learnable direction vectors per layer l:

W l
cls ∈ R2×d, W l

seg ∈ R2×d. (6)

The anomaly scores are computed via cosine similarity with temperature scaling:

ŷl = softmax

(
⟨W l

cls, x̃l
q⟩

τ

)
, Ŷl = softmax

(
⟨W l

seg, F̃l
q⟩

τ

)
, (7)

where τ = 0.1. Multi-scale predictions are aggregated by averaging across the five layers.

3.5. Score Fusion

The final image-level anomaly score fuses the classification score with the maximum
segmentation score:

ŷ f = (1− λp) · ŷcls + λp ·max
i,j

(
Ŷseg

)
, (8)

where λp = 0.5. The pixel-level anomaly map Ŷseg is upsampled to the original resolution
using bilinear interpolation (mode="bilinear", align_corners=False, scale factor = patch
size = 16) for evaluation.

3.6. Few-Shot Extension via Score-Level Fusion

While the zero-shot pipeline requires no target-domain data, PFAD can be extended to
a few-shot setting when a small number of normal reference images from the target domain
are available. Following the few-shot inference strategy of UniADet [16], we construct a
memory bank from the support image(s) and fuse the resulting scores with the zero-shot
predictions at the score level, requiring no additional training.

3.6.1. Memory Bank Construction

Given K normal support images from the target domain (K = 1 in our experiments), we
extract patch-level features from the frozen backbone and build a per-layer memory bank:

Ml =
{

F̃l
s(j)

∣∣∣ j = 1, . . . , N, s = 1, . . . , K
}
∈ R(K·N)×d, (9)

where each patch feature is ℓ2-normalized and AFS-reweighted.
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3.6.2. Few-Shot Anomaly Scoring

For each query patch token F̃l
q(j), the few-shot anomaly score is computed as the

complement of the maximum cosine similarity to the memory bank:

sl
few(j) = 1− max

m∈Ml
cos
(

F̃l
q(j), m

)
. (10)

The per-layer scores are averaged across layers to obtain the final few-shot segmenta-
tion map Sfew ∈ RN .

3.6.3. Score-Level Fusion

The few-shot segmentation scores are fused with the zero-shot scores via a weighted
combination:

Sfused = (1− λ f ) · Ŷseg + λ f · Sfew, (11)

ŷ f = (1− λp) · ŷcls + λp ·max(Sfused), (12)

where λ f controls the balance between zero-shot and few-shot segmentation signals. We
set λ f = 0.5 throughout all few-shot experiments, following UniADet [16], which treats the
two signals equally. λ f is applied at few-shot inference only and is independent of training.

We evaluate this optional extension in two practical settings where target-side normal
references are available: (1) cross-modality paired inference on the SemiCond dataset,
where each test image has a spatially aligned normal counterpart from a different sen-
sor, and (2) patch-level inference on the Pharma dataset, where high-resolution images
are divided into a 2× 2 grid with position-specific memory banks to capture spatially
variant anomaly patterns. As shown in Sections 4.3.1 and 4.3.2, its benefit depends on
the zero-shot headroom and on the compatibility of the reference image with the target
feature distribution.

3.7. Training
3.7.1. Training Protocol

Following UniADet [16], we adopt the same cross-domain evaluation protocol: PFAD
is trained using data from a source dataset and evaluated on entirely distinct target datasets
in a zero-shot manner. Since the source and target domains share no overlapping categories
or images, evaluation integrity on the target is fully preserved. The combined loss is defined
as follows:

L = LCE(ŷcls, y) + LFocal(Ŷseg, M↓) + LDice(Ŷseg, M↓), (13)

where M↓ denotes the ground-truth mask downsampled to 32× 32. Focal loss [27] uses
α = 0.25, γ = 2.0, and Dice loss [28] uses ϵ = 10−6. We use AdamW with learning rate
10−3 and weight decay 10−4 for 10 epochs. Only Wcls and Wseg are updated; the backbone
and AFS weights receive no gradients.

3.7.2. Class-Aware Augmentation (CAA)

Following the baseline augmentation strategy [16], we optionally apply CAA during
training, comprising grid mosaic (2× 2 or 3× 3 compositions from the same category) and
grid crop (selecting anomaly-containing patches). As we show in Section 4.4.3, CAA can
contaminate AFS calibration when the calibration is performed on augmented data, leading
to suboptimal channel weights under large domain gaps.
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4. Experiments
4.1. Experimental Setup
4.1.1. Datasets

We evaluate PFAD on three public benchmarks and two real-world industrial datasets:

• MVTec AD [4]: 15 categories of industrial products.
• VisA [5]: 12 categories with complex structures.
• BTAD [29]: 3 industrial products with real-world anomalies.
• KolektorSDD [30]: Surface defect detection on electrical commutators.
• SemiCond (proprietary): Semiconductor PCB inspection with color (SemiCond-RGB,

300× 300 native) and monochrome (SemiCond-Mono, 300× 300 native; images up-
scaled to 512× 512 as model input) sensors. Defect types are circuit-level anomalies
visible under high magnification: missing circuit patterns and stains or contamination
marks on circuit traces. Normal images are collected from production-line inspection
records. Each test image has a spatially aligned normal counterpart, enabling paired
one-shot evaluation. The cross-modality experiment trains on one sensor modality
and evaluates on the other (no target-domain data used).

• Pharma (proprietary): Pharmaceutical packaging film inspection at 1024× 1024 resolu-
tion. Images are split into a 2× 2 patch grid (crop 576 px, stride 448 px, final 512× 512
per patch). Defect types include carbonization (burnt carbon particles on the film),
torn packaging film, and exposure of an underlying coating layer; defect sizes span
from small localized marks to film-wide defects. Precise image counts and contrast
statistics are proprietary.

Table 2 summarizes the key characteristics of all datasets.

Table 2. Dataset characteristics summary. † Proprietary dataset. ∗ Evaluated via 2× 2 patch split
at 512× 512/patch. § Native 300× 300 px; upscaled to 512× 512 as model input. a Missing circuit
patterns; stains/contamination on circuit traces (defect area 2.2 ± 3.7%, center-biased; ∆I ≈ 27).
b Carbonization; torn film; coating exposure (defect area 0.33± 0.81%, spatially distributed; ∆I ≈ 13).

Dataset Res. Mod. Defect Types Defect Characteristics Public

MVTec AD [4] 256–1024 px RGB 73 (15 cat.) Texture, structural, surface ✓
VisA [5] 1500 × 1000 RGB 78 (12 cat.) Surface, structural ✓
BTAD [29] 1600 × 1600 RGB 3 categories Industrial surface ✓
KolektorSDD [30] 500 × 1240 Grayscale 1 (surface cracks) Fine, elongated ✓

SemiCond † 300 × 300 § RGB + Mono 2 circuit-level a Sub-component ✗

Pharma † 1024 × 1024 ∗ RGB 3 film-level b Localised to film-wide ✗

4.1.2. Evaluation Protocol

For each source dataset, we train PFAD using the corresponding source-domain data
and evaluate it on all other datasets in a target-domain, zero-shot, cross-domain setting.
Following UniADet’s cross-domain protocol [16], we train on the full source test set (normal
+ anomaly images with GT masks) without a held-out validation split; checkpoints are
selected by lowest training loss. Source and target datasets share no overlapping categories
or images, thereby preventing direct data leakage. For the few-shot experiments, a single
normal reference image from the target domain is used to construct the memory bank
(Section 3.6). We report image-level AUROC, image-level AUPR, pixel-level AUROC, and
pixel-level AUPR, averaged across categories.

4.1.3. Implementation Details

We use DINOv3 ViT-L/16 as the frozen backbone, extracting features from layers
{11, 14, 17, 20, 23} (0-indexed; equivalent to {12, 15, 18, 21, 24} in 1-indexed notation, corre-
sponding to the five blocks evaluated in UniADet [16]) at 512× 512 resolution. Direction
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vectors (Wcls, Wseg; 0.02 M parameters total) are trained for 10 epochs using AdamW
(lr = 10−3, wd = 10−4) on a single NVIDIA RTX A6000 GPU. The backbone and AFS
weights remain frozen throughout.

4.2. Public Benchmark Cross-Evaluation

PFAD achieves a mean image-level AUROC of 0.924 across six public benchmark
source–target pairs, with stronger transferability from diverse sources: MVTec AD
(15 categories) and VisA (12 categories) consistently outperform BTAD (three categories)
as training sources. Table 3 directly compares PFAD with UniADet [16] under the same
evaluation conditions (DINOv3 ViT-L/16 backbone, zero-shot cross-domain, and identical
source–target pairs). UniADet results are taken from its official paper (Tables 14, 17, 20,
DINOv3⋆ zero-shot mean [16]). Results for each method reflect the best-performing de-
ployment configuration for each source–target pair.

Table 3. Direct comparison with UniADet under matched backbone and source–target settings.
Each PFAD cell shows the best configuration per pair (CAA on vs. off); multi-seed mean ± std on
MVTec↔ VisA pairs: 0.9163 ± 0.0045 and 0.9127 ± 0.0041 (see Section 4.4.1).

Target Source
UniADet PFAD (Ours)

Img AUROC Img AUPR Img AUROC Img AUPR

BTAD VisA 0.947 0.970 0.962 ↑+1.5% 0.987 ↑+1.7%
MVTec VisA 0.940 0.971 0.920 0.959
VisA MVTec 0.919 0.928 0.914 0.933
↑ indicates percentage improvement over the UniADet baseline.

PFAD outperforms UniADet on BTAD by +1.5% image-level AUROC and +1.7%
image-level AUPR, while remaining within 2% on the larger public pairs (MVTec AD,
VisA). This pattern is consistent with a domain-gap interpretation: Soft AFS provides the
greatest benefit when the domain gap is large (BTAD, with only three categories), where
channel activation collapse risk is highest, while near-domain pairs already benefit from
well-aligned backbone features.

To investigate category-level performance patterns, Table 4 analyzes the PCB sub-
group of VisA (pcb1–pcb4), which represents structured circuit-board anomaly detection
within electronics manufacturing—a domain requiring fine-grained sensitivity to layout
deviations and component-level defects.

Table 4. Category-level comparison on VisA PCB subgroup (Source: MVTec AD, zero-shot).

Category
UniADet PFAD (Ours) ∆

I-AUROC I-AUPR I-AUROC I-AUPR I-AUROC I-AUPR

pcb1 0.861 0.876 0.859 0.892 −0.2% +1.6%
pcb2 0.843 0.839 0.854 0.870 +1.1% +3.1%
pcb3 0.774 0.786 0.807 0.837 +3.3% +5.1%
pcb4 0.946 0.946 0.956 0.957 +1.0% +1.1%

Mean 0.856 0.862 0.869 0.889 +1.3% +2.7%

PFAD outperforms the baseline method in three of four categories for image-level
AUROC (+1.3% mean) and in all four categories for image-level AUPR (+2.7% mean). The
largest gain is observed for pcb3 (+3.3% AUROC, +5.1% AUPR), the most challenging
PCB category, suggesting that Soft AFS’s calibrated channel weighting is better suited to
detecting fine-grained circuit-pattern anomalies. This circuit-board improvement on public
benchmarks is complemented by direct validation on proprietary semiconductor PCB
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data in Section 4.3.1, where zero-shot transfer from VisA achieves an image-level AUROC
of 0.945.

The performance pattern in Table 3 is consistent with a domain-gap analysis: under
high domain gap (BTAD, only three categories with distinct visual statistics), the risk of
channel activation collapse during transfer is greater, and Soft AFS provides calibrated per-
channel weighting that mitigates this. Under moderate domain gap (MVTec AD↔ VisA,
both RGB texture datasets with 12–15 diverse categories), backbone features are already
well aligned and the Soft AFS benefit is smaller. This pattern supports the design intent:
Soft AFS is primarily a safeguard against domain-specific channel suppression rather than
a general accuracy driver, and its value increases with the magnitude of the domain gap.
Figure 2 shows representative qualitative segmentation results for the MVTec → VisA
zero-shot setting.

(a) Test image (b) Ground truth (c) PFAD anomaly heatmap (d) Predicted mask

Figure 2. Qualitative anomaly segmentation for MVTec → VisA zero-shot transfer (chewinggum
category; category-mean pixel-AUROC = 0.996, this representative image = 0.998). Panels: (a) test
image, (b) ground-truth mask, (c) PFAD anomaly heatmap, (d) predicted binary mask (threshold = 0.5
of the min–max-normalized heatmap). Inter-method qualitative comparison is left for future work.

4.3. Real Industrial Data
4.3.1. Semiconductor PCB Inspection (SemiCond)

PFAD generalizes effectively from public benchmarks to proprietary industrial data,
achieving 0.945 image-level AUROC on semiconductor PCB inspection using only VisA as
the training source (Table 5).

Table 5. Cross-domain result: public benchmark → SemiCond semiconductor inspection (best
configuration).

Source Target Img AUROC Img AUPR Pix AUROC Pix AUPR

VisA SemiCond-RGB 0.945 0.980 0.944 0.463

The interaction between training configuration and domain gap is detailed in
Section 4.4.3.

Direct cross-modal transfer within the SemiCond dataset achieves image-level AUROC
above 0.92 in both directions (Table 6), demonstrating that a model calibrated on one sensor
modality can be deployed on a complementary sensor without retraining.

Table 6. SemiCond cross-modality zero-shot transfer. Images are evaluated at 300× 300 px (native
resolution; images are upscaled to 512× 512 as model input).

Source Target Img
AUROC Img AUPR Pix

AUROC Pix AUPR

SemiCond-RGB SemiCond-Mono 0.952 0.985 0.961 0.314
SemiCond-Mono SemiCond-RGB 0.929 0.973 0.966 0.430
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4.3.2. Pharmaceutical Packaging Inspection (Pharma)

Pharma represents the largest domain gap relative to the public benchmarks (phar-
maceutical blister packs vs. mechanical components). Pharma images are captured at a
resolution of 1024× 1024, with defects occupying a small fraction of the image area. Full-
image inference at 512× 512 causes severe defect miniaturization, rendering image-level
classification unreliable (I-AUROC: 0.43–0.66, with the lowest value falling below random
chance). We therefore adopt patch-level inference as the primary strategy: each image is
divided into a 2× 2 grid at the original resolution, and position-specific memory banks
capture spatially varying patterns.

Table 7 presents the primary Pharma results under patch-level inference.

Table 7. Pharma patch-level inference: zero-shot vs. one-shot (image-level metrics).

Source
Img AUROC Img AUPR

0-Shot 1-Shot 0-Shot 1-Shot

KolektorSDD 0.894 0.891 0.963 0.955
VisA 0.767 0.871 0.840 0.929
MVTec 0.782 0.839 0.861 0.913
BTAD 0.764 0.813 0.871 0.896

For more distant sources (VisA, MVTec, BTAD), the one-shot extension closes the
domain gap substantially in both metrics (largest Img AUROC gain: VisA +10.4 pp; largest
Img AUPR gain: VisA +8.9 pp), indicating that the few-shot pathway is most effective
when zero-shot transfer leaves substantial room for improvement. When the training
source shares structural similarity with the target domain—as in the case of KolektorSDD,
an industrial electrical-component inspection dataset—zero-shot performance is already
near saturation (0.894 Img AUROC, 0.963 Img AUPR), and one-shot fusion provides
negligible additional gain. Notably, KolektorSDD shows a marginal decline in both AUROC
(−0.003 pp) and AUPR (−0.008 pp) with one-shot. KolektorSDD’s surface cracks share
elongated structural morphology with the source domain’s knowledge base, explaining
its high zero-shot baseline. Crucially, while MVTec and VisA feature structured, object-
oriented scenes where a single normal template provides essential geometric anchors,
KolektorSDD consists of continuous, stochastic surface textures. For such texture-matching
scenarios, a single reference image captures only a specific instance of the normal pattern
(e.g., particular grain lines or subtle illumination gradients), introducing unnecessary
reference ambiguity against inherent stochastic texture variations and leading to a marginal
precision loss at the operating threshold. This pattern parallels the asymmetric one-shot
behavior observed on SemiCond (Section 4.5.1); both cases are discussed jointly in Section 5.

Full-image inference at 512× 512 yields unreliable image-level results (I-AUROC:
0.43–0.66) due to severe defect miniaturization, further confirming that patch-level inference
is the appropriate strategy for this domain.

4.4. Ablation Studies
4.4.1. Soft AFS vs. No AFS

Table 8 compares Soft AFS (τ = 0.1) against a No-AFS baseline (all channel weights
fixed to one) across four representative cross-domain pairs.

Soft AFS maintains comparable or superior performance on three of the four pairs
(mean +0.1 pp in Img AUROC). The exception pair, VisA→MVTec (Img AUPR −0.3 pp;
Img AUROC effectively unchanged at +0.01 pp), reflects the high intra-class diversity of
VisA (12 categories spanning circuit boards to food products) as the source: calibration on
such a broad feature space already approximates uniform channel weighting, leaving little
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room for Soft AFS to improve further. Multi-seed evaluation confirms that the gap is at most
0.11 pp and falls within seed noise; No AFS and Soft AFS are statistically indistinguishable
in both mean and variance (No AFS std 0.0020 vs. Soft AFS std 0.0028). Soft AFS is
therefore retained not as an accuracy driver but as a zero-cost, stable component: calibrated,
frozen weights add no inference overhead (feature dimension and head size unchanged; cf.
Section 5) and are robust across τafs and seeds (Table 9). Figure 3 illustrates this mechanism:
Soft AFS assigns each of the 1024 backbone channels a continuous weight proportional to
its anomaly discriminability—channels whose activation patterns most closely track defect
locations receive the highest weights. At τ = 0.1, learned weights occupy a narrow band
(0.97–1.01 for large-scale sources), indicating that all channels contribute meaningfully
while anomaly-relevant ones receive a calibrated boost. The BTAD source, with only
three product categories, exhibits a slightly wider spread (0.90–1.03), consistent with more
pronounced channel selection under limited source diversity.

Table 8. Effect of Soft AFS on cross-domain image-level performance (four representative pairs). Img
AUROC: mean ± std over multiple independent seeds. Img AUPR: mean (std omitted; variance is
negligible). Gap (Soft−No) is at most 0.11 pp, within seed noise.

Source Target
No AFS Soft AFS (τafs = 0.1)

Img AUROC Img AUPR Img AUROC Img AUPR

VisA BTAD 0.9575 ± 0.0010 0.990 0.9576 ± 0.0010 0.990
MVTec VisA 0.9169 ± 0.0021 0.953 0.9180 ± 0.0037 0.955
VisA MVTec 0.9152 ± 0.0020 0.936 0.9153 ± 0.0019 0.933
MVTec BTAD 0.9595 ± 0.0006 0.986 0.9596 ± 0.0006 0.985

Mean 0.937 0.966 0.938 0.966
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Figure 3. Soft AFS channel weight distribution across five backbone layers (source: VisA, τ = 0.1).
Each channel i receives weight wi = softmax(−MSEi/τafs)× d, where MSEi scores how well chan-
nel i’s squared feature deviation aligns with ground-truth defect masks: channels with strong defect
sensitivity (low MSE) are up-weighted above 1.0; less discriminative channels are mildly suppressed.
For the large-scale VisA source, weights cluster in a narrow band (0.97–1.01), indicating near-identity
calibration where all channels contribute. The BTAD source (three categories) exhibits a wider spread
(0.90–1.03), reflecting more selective calibration under limited source diversity. The red dashed line at
w = 1.0 marks the neutral weight threshold; # denotes number of channels.

4.4.2. AFS Temperature (τafs)

Table 9 shows the effect of τafs on cross-domain performance (MVTec→ VisA, CAA
disabled, mean ± std over multiple independent seeds).

Table 10 extends this analysis across four domain pairs with CAA enabled, confirming
the τ-robustness finding holds broadly.

The τafs sweep spans only 0.18 pp (from τ = 0.01 to τ = 1.00), confirming that AUROC
is insensitive to the temperature parameter. This robustness arises because τ is folded
into the frozen per-channel weights at calibration time: the direction vectors learn to
compensate for the channel weighting regardless of sharpness, so moderate sharpening
neither helps nor hurts. We select τafs = 0.1 as the default, which provides a non-trivial
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but non-degenerate calibration signal while remaining robust to perturbations. Figure 4
visualizes the flat response across τ.

Table 9. Ablation on AFS temperature τafs (MVTec→ VisA, CAA disabled, mean ± std over multiple
independent seeds). AUROC is insensitive to τ: the full sweep spans 0.18 pp and the τ = 0.01 setting
is statistically indistinguishable from τ = 0.10 (∆ = −0.16± 0.04 pp). τ is folded into the frozen
per-channel weights at calibration and acts as a robustness knob, not an accuracy lever. Note: The
absolute AUROC reported here is lower than that in Table 10 (CAA enabled) because both τ-sweep
experiments were conducted under matched CAA conditions; the τ-robustness conclusion holds
under both settings.

τafs Img AUROC (Mean ± Std)

0.01 0.9104± 0.0006
0.05 0.9090± 0.0005
0.10 0.9088± 0.0004
0.50 0.9086± 0.0004
1.00 0.9086± 0.0004

Table 10. Sensitivity of Soft AFS to the temperature τafs across four domain pairs, CAA enabled
(Image AUROC, category-mean, mean ± std over multiple independent seeds). Sharpening from
τ = 0.10 to τ = 0.01 changes AUROC by at most 0.10 pp per pair (mean ∆ = −0.01 pp): Soft AFS is
insensitive to τ regardless of whether CAA is used.

Pair τ = 0.10 τ = 0.01 ∆ (pp)

MVTec→ VisA 0.9180± 0.0037 0.9171± 0.0013 +0.09
MVTec→ BTAD 0.9596± 0.0008 0.9597± 0.0010 −0.01
VisA→MVTec 0.9153± 0.0019 0.9164± 0.0023 −0.10
VisA→ BTAD 0.9576± 0.0013 0.9576± 0.0013 +0.00

mean −0.01

0.01 0.05 0.1 0.5 1.0
afs

0.91

0.92
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Figure 4. Effect of AFS temperature τafs on cross-domain performance (MVTec→ VisA). The dashed
line marks the optimal temperature τ∗ = 0.1.

4.4.3. Effect of Class-Aware Augmentation (CAA)

On public benchmarks, CAA ON yields modest improvements (Table 11). However, on
real industrial data (SemiCond), CAA OFF consistently achieves higher pixel-level AUROC.
We attribute this to AFS calibration contamination: when CAA is enabled, augmented
images alter the normal feature statistics (µnormal) and channel MSE scores, causing AFS to
prioritize channels responsive to augmentation artifacts rather than real defects. This effect
is amplified under large domain gaps.
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Table 11. Effect of CAA on public benchmark cross-evaluation (mean of 6 pairs).

Setting Img AUROC Img AUPR Pix AUROC Pix AUPR

CAA ON 0.924 0.952 0.938 0.418
CAA OFF 0.911 0.942 0.935 0.389

To determine whether the entanglement is structurally harmful, we implemented
and evaluated a decoupled pipeline: Phase A calibrates Soft AFS on an unaugmented
loader (CAA disabled) and freezes the weights wl ; Phase B then trains Wcls and Wseg on
the standard CAA-augmented loader with identical hyperparameters. Table 12 reports the
four-configuration ablation.

Table 12. Decoupled CAA ablation: Image AUROC (category-mean, a single representative seed).
Paired t-test across categories (entangled vs. decoupled): p > 0.05 on all pairs, indicating the
entanglement is harmless in practice.

Configuration MVTec → VisA VisA → MVTec MVTec → BTAD VisA → BTAD

No AFS/No CAA 0.9050 0.9137 0.9627 0.9550
Soft AFS/No CAA 0.8961 0.9166 0.9642 0.9529
Soft AFS/CAA
(entangled) 0.9219 0.9174 0.9604 0.9570

Soft AFS/Decoupled CAA 0.9185 0.9174 0.9603 0.9572

Paired t-test (entangled vs. decoupled, across categories): p = 0.320 p = 0.390 p = 0.423
p = 0.303

The paired t-tests yield p > 0.05 on all four pairs, confirming that decoupling AFS
calibration from CAA does not materially change results. We do not claim a performance
improvement from decoupling; the contribution of this experiment is to demonstrate that
the CAA–AFS entanglement is harmless in practice.

4.5. Few-Shot Extension Results
4.5.1. SemiCond Cross-Modality Paired 1-Shot

When a spatially aligned normal reference image is available from the target sensor,
the few-shot extension yields asymmetric cross-modality results on the SemiCond dataset
(Table 13), improving Mono→ RGB transfer while degrading RGB→Mono transfer.

Table 13. SemiCond cross-modality one-shot paired results.

Source Target Img
AUROC Img AUPR Pix

AUROC Pix AUPR

SemiCond-RGB SemiCond-Mono 0.890 0.903 0.960 0.337
SemiCond-Mono SemiCond-RGB 0.977 0.990 0.977 0.471

With a single paired reference image, the Mono→ RGB direction reaches image-level
AUROC of 0.977 (+4.8 pp over the zero-shot baseline of 0.929 in Table 6), indicating that
even a single spatially aligned reference image provides sufficient information to bridge
the sensor modality gap. The benefit is asymmetric across directions: the RGB→Mono
direction declines from 0.952 (zero-shot) to 0.890 under one-shot fusion, suggesting that
when the zero-shot baseline is already high, a single reference image can introduce modality-
specific over-anchoring rather than further improvement. This asymmetry indicates that
the one-shot pathway is most beneficial when the zero-shot performance leaves meaningful
room for improvement.

To investigate the mechanistic basis of this asymmetry, we conducted two diagnos-
tic experiments on the SemiCond cross-modality dataset. First, photometric normaliza-
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tion of the reference image (Z-score, CLAHE, and histogram matching) did not improve
Color→Mono performance, confirming that brightness or contrast differences between
sensor modalities are not the underlying cause. Second, patch-level cosine similarity analy-
sis revealed a structural feature-space asymmetry: normal patches in the Color→Mono
direction achieve a mean nearest-neighbor cosine similarity of 0.859 to the one-shot memory
bank, compared to 0.894 in the Mono → Color direction; defect patch similarities were
comparable across both directions (0.658 vs. 0.666), indicating that defect discriminability
was preserved, whereas normal-patch recall was impaired (Figure 5). This gap is consistent
with a structural feature-space asymmetry induced by the RGB-pretrained backbone: DI-
NOv3 likely exploits color-channel correlation information when processing RGB images,
whereas monochromatic inputs (R = G = B) remove this cue, lowering patch-to-memory-
bank similarity even for normal regions. As a result, 86.6% of normal SemiCond-Mono test
images are misclassified as anomalous by the one-shot memory bank alone at the optimal
image-level threshold, prior to zero-shot score fusion. Resolving this asymmetry would
require feature-extractor-level cross-modal alignment, which is beyond the scope of the
current retraining-free framework and is identified as a direction for future work.
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Figure 5. Patch-level nearest-neighbor cosine similarity distributions for the SemiCond cross-modality
one-shot setting (updated to include distributional spread; shaded bands: mean ± std; whiskers:
5th–95th percentile). Normal patches: RGB→Mono (blue) shows mean 0.859 (std 0.057, p5 = 0.753,
p95 = 0.936), shifted below Mono→ RGB mean 0.894 (std 0.053), indicating structurally lower patch
recall in the RGB→Mono direction; separation margin 0.201. Defect patches: both directions show
similar distributions (RGB→Mono mean 0.658, Mono→ RGB mean 0.666; separation margin 0.228),
confirming defect discriminability is not impaired. The partial overlap of normal and anomaly p5–p95

bands in the normal-patch panel accounts for the elevated false-positive rate on normal images in
RGB→Mono one-shot transfer (Section 5).

4.5.2. Pharma Patch-Level 1-Shot

Patch-level inference and one-shot results for the Pharma dataset are reported in
Section 4.3.2 (Table 7). For non-KolektorSDD sources, the one-shot extension improves
image-level AUROC by up to 10.4 percentage points (largest: VisA +10.4 pp) and Img
AUPR by up to 8.9 percentage points. KolektorSDD, as the domain-closest source,
achieves the highest zero-shot performance (0.894 AUROC, 0.963 AUPR) with minimal
one-shot benefit.

5. Discussion
Domain gap and transfer patterns. Cross-domain performance is positively associated

with source dataset diversity. MVTec AD (15 categories) and VisA (12 categories) provide
broader feature coverage than BTAD (three categories), resulting in more generalizable
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direction vectors. This finding suggests that curating diverse source datasets is a practical
strategy for deployment.

Segmentation robustness to domain gaps. Across all experiments, pixel-level AUROC
degrades less than image-level AUROC under domain shift. In the extreme case of Pharma,
pixel-level AUROC remains above 0.90 while image-level AUROC drops to 0.43–0.66. This
finding suggests that local, patch-level anomaly patterns transfer more reliably than global,
image-level representations, consistent with the observation that defects (scratches, stains,
structural deviations) share low-level visual signatures across domains.

Soft AFS behavior. From a deployment perspective, the value of Soft AFS lies in its
ability to provide calibrated channel importance without any inference overhead. Soft AFS
provides a natural mechanism to absorb the uncertainty of domain transfer by retaining
all channels with graded importance rather than discarding channels that may be critical
in unseen target domains. The τafs ablation (Table 9) shows that AUROC is insensitive
to the temperature parameter: the entire sweep from τ = 0.01 to τ = 1.00 spans only
0.18 pp under the current code (CAA disabled, multi-seed mean), with no significant
penalty at any setting. This robustness arises because τ is folded into frozen per-channel
weights at calibration time; the direction vectors compensate for any weighting sharpness.
Direct comparison with a No-AFS baseline (Table 8) confirms statistical indistinguishability
(mean gap +0.1 pp, within seed noise). The primary value of Soft AFS therefore lies in
its zero-inference-cost, calibration-derived channel differentiation: it is never a liability
and provides structural robustness to domain-specific channel shifts even when accuracy
differences are not measurable on public benchmarks.

Few-shot as a practical bridge. The one-shot extension demonstrates that a single
normal reference image can improve image-level classification when zero-shot performance
has not yet reached saturation, but its benefit is domain-gap-dependent rather than univer-
sal. On Pharma, the largest domain gap scenario, one-shot inference improves image-level
AUROC by up to 10 percentage points, with pixel-level performance remaining robust
across all source configurations (consistent with the segmentation robustness patterns noted
above). On SemiCond, paired one-shot cross-modality transfer can substantially improve
one sensor direction (Mono→ RGB reaches image-level AUROC of 0.977), but the effect is
asymmetric and can become negative in the opposite direction when reference mismatch
or modality-specific feature asymmetry is introduced. Two distinct mechanisms can cause
one-shot fusion to underperform the zero-shot baseline: modality-specific over-anchoring, ob-
served when the zero-shot baseline is already high (SemiCond RGB→Mono: 0.952→ 0.890,
Table 13; see Section 4.5.1 for a mechanistic analysis); and reference ambiguity, observed
when the source domain is already structurally close to the target (Pharma KolektorSDD:
0.894→ 0.891, Table 7). Both scenarios share a common operational implication: one-shot
fusion should be applied selectively—it is most beneficial when zero-shot performance
has meaningful headroom, not as a default addition to every deployment. Notably, this
extension requires no additional training—only inference-time score fusion—making it a
practical option when even minimal target-domain data is available. The results suggest
a practical deployment rule: zero-shot transfer is appropriate when no target-side data
are available; one-shot score fusion may provide additional benefit when a single normal
reference image is available and zero-shot performance still has measurable headroom for
improvement—when zero-shot is already near-saturated, the one-shot extension may offer
little or no gain; and patch-level inference becomes necessary when defects occupy only a
small fraction of high-resolution images.

Resource efficiency. PFAD trains only lightweight direction vectors on a frozen
backbone, requiring no gradient computation through the backbone parameters. The
entire training process is completed in approximately 18 min per source domain on a

https://doi.org/10.3390/su18136684

https://doi.org/10.3390/su18136684


Sustainability 2026, 18, 6684 18 of 22

single NVIDIA RTX A6000 GPU. The measured inference efficiency (RTX A6000, batch 1,
input 512× 512, 100 warm-up + 1000 timed iterations with torch.cuda.synchronize()):
61.44± 1.03 ms/image, 16.28 FPS, peak VRAM 1.20 GB. For Pharma (1024 × 1024,
2× 2 patch split): 245.75 ms effective latency (4.07 FPS). Table 14 summarizes the re-
source profile.

Table 14. Resource comparison. Energy estimated from GPU TDP × training time (not directly
metered). UniADet latency (22.4 ms/image) is measured on an H20 GPU (their Table 4 [16]); direct
speed comparison with our A6000 measurement is not valid due to hardware differences. Both
operate in the sub-100 ms regime practical for end-of-line inspection.

Method Train. Params Train. Time Latency (ms/img) Peak VRAM

PatchCore [10] 0 (kNN) † ∼10 min ∼30 ms ∼3 GB
UniADet [16] ∼0.02 M ∼15 min 22.4 ms ‡ n/a
PFAD (ours) 0.02 M ∼18 min 61.4± 1.0 ms 1.20 GB

† PatchCore stores patch features as a kNN coreset; training time = coreset build time (no gradient updates).
Values are approximate benchmarks from [10] and community evaluations. ‡ Measured on H20 GPU; not directly
comparable to our A6000 measurement. Estimated energy: ≈0.09 kWh/domain (300 W TDP × 18 min).

Once trained, the model deploys to multiple unseen target domains without retrain-
ing, eliminating the repeated data collection and computation cycles that conventional
per-domain models demand. AFS calibration leverages existing inspection records from
the source domain rather than requiring new data campaigns. These properties collectively
reduce the computational overhead and resource expenditure associated with deploying
anomaly detection across diverse manufacturing lines. This is particularly relevant for fac-
tories operating large product portfolios, where repeated per-domain retraining amplifies
GPU hours, engineering labor, and energy consumption over time. PFAD is parameter-
efficient: only ∼0.02M direction vectors are trained on a frozen backbone, enabling domain
adaptation without any retraining overhead; deployment on resource-constrained edge
hardware would additionally require backbone quantization, which is left for future work.

Practical implications for industrial deployment. The experimental results directly
support several concrete deployment benefits. Training on VisA alone yields an image-
level AUROC of 0.945 on semiconductor PCB inspection without any target-domain data,
demonstrating that an operator can deploy PFAD on a new inspection line immediately
by selecting a suitable public source dataset—no proprietary data collection or retraining
is required. When a representative normal reference image is available, the optional
one-shot pathway can further reduce setup cost in favorable deployment settings, as
illustrated by the Mono→ RGB SemiCond result (image-level AUROC 0.977). However, as
shown in Section 4.5.1, this benefit is not symmetric across sensor directions and should
therefore be treated as a conditional deployment aid rather than a mandatory step. On
pharmaceutical packaging, zero-shot transfer from KolektorSDD achieves an image-level
AUROC of 0.894, indicating that an industrially sourced training dataset suffices for a
chemically distinct production domain. However, when the source dataset is structurally
dissimilar to the target domain (e.g., VisA or BTAD sources yield 0.764–0.782 image-level
AUROC on Pharma), operators should consider selecting a more compatible source or
applying the optional one-shot pathway before deployment in safety-critical applications.
The full training pipeline completes in approximately 18 min per source domain on a single
NVIDIA RTX A6000 GPU, while only 0.02 million of the model’s 300 million parameters
are trained, keeping the model footprint small and suitable for edge deployment. Source
selection is therefore a key deployment decision: datasets sharing surface texture and defect
morphology with the target domain (e.g., industrial component inspection datasets for
semiconductor PCB or surface-crack inspection datasets for pharmaceutical packaging)
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tend to yield higher zero-shot transfer performance. From an operational perspective,
PFAD follows a simple three-step deployment workflow:

1. Select source : choose the public source dataset most structurally compatible with the
target domain (surface texture and defect morphology are the key criteria).

2. Train once: train on the source dataset (≈18 min on RTX A6000); the resulting model
transfers to all target domains without further training.

3. Optionally refine: if a single normal reference image from the target is available and
zero-shot performance still has meaningful headroom, apply one-shot score fusion at
inference time.

Across both semiconductor and pharmaceutical validation scenarios, the same PFAD
architecture is transferred without target-domain retraining, demonstrating practical versa-
tility across two structurally distinct industries.

Limitations and future work. (1) The CAA–AFS interaction, in which class-aware
augmentation during training can contaminate the AFS calibration signal, is addressed in
the current protocol by disabling CAA during cross-domain transfer to industrial target
domains. The decoupled-pipeline experiment (Table 12) shows no statistically signifi-
cant difference between the entangled and decoupled pipelines (p > 0.05 for all pairs
when comparing entangled vs. decoupled pipelines). However, future architectural work
could decouple these pipelines at the training level to recover the full benefit of CAA on
source-domain benchmarks without adversely affecting cross-domain calibration. (2) The
few-shot fusion weight λ f is currently fixed; adaptive fusion strategies conditioned on do-
main similarity could further improve performance. (3) Evaluation across a wider range of
industrial domains and modalities would strengthen the evidence for generalizability. Ad-
ditionally, an automated source-selection strategy that recommends the most transferable
public source dataset for a given target production line would reduce the current reliance
on operator knowledge.

6. Conclusions
This study demonstrates that target-domain retraining can be avoided when deploying

anomaly detection on new industrial inspection lines: a benchmark-trained PFAD source
model transfers directly to unseen production domains, and a single normal reference
image further improves performance at inference time without any additional training.
PFAD achieves this through Soft Anomaly-Aware Feature Selection applied to a frozen
DINOv3 backbone. This mechanism preserves cross-domain transferability by retaining
all feature channels with graded importance rather than applying hard channel selection.
The absolute performance gain of Soft AFS over uniform channel weighting is modest
(at most +0.11 pp image-level AUROC on public benchmark cross-domain pairs), with
multi-seed evaluation indicating stable performance across random seeds. The benefit is
most pronounced when the domain gap is large (e.g., BTAD: three industrial categories
with distinct visual statistics). Validation on public benchmarks (mean image-level AUROC
0.924) and two real-world industrial datasets indicates the practical viability of the proposed
framework. A single source model trained on a public dataset can be directly deployed
for semiconductor PCB inspection without target-domain data collection, and the same
framework transfers to pharmaceutical blister-pack inspection—a chemically and visually
distinct production environment—without any per-domain retraining. When a single
normal reference image is available and zero-shot performance has room for improvement,
the optional one-shot extension can close domain gaps by up to 10 percentage points,
enabling incremental adoption without retraining. By eliminating per-domain retraining,
PFAD directly reduces the cumulative GPU computation, energy consumption, and engi-
neering labor that conventional AD deployment demands at scale—costs that compound
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as facilities manage growing numbers of product lines or sensor configurations. These
characteristics position PFAD as a practical contribution to sustainable manufacturing: a
quality inspection capability that extends to new production environments without propor-
tionally scaling its resource footprint, enabling broader adoption of AI-based inspection
under real-world constraints on computational resources and personnel.
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