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Abstract— Visual Anomaly Detection (VAD) is essential for
industrial quality control, enabling automatic defect detection
in manufacturing. In real production lines, VAD systems must
satisfy strict real-time and privacy requirements, necessitating
a shift from cloud-based processing to local edge deployment.
However, processing data locally on edge devices introduces
new challenges because edge hardware has limited memory
and computational resources. To overcome these limitations,
we propose two efficient VAD methods designed for edge
deployment: PatchCore-Lite and Padim-Lite, based on the
popular PatchCore and PaDiM models. PatchCore-Lite runs
first a coarse search on a product-quantized memory bank,
then an exact search on a decoded subset. Padim-Lite is sped up
using diagonal covariance, turning Mahalanobis distance into
efficient element-wise computation. We evaluate our methods on
the MVTec AD and VisA benchmarks and show their suitability
for edge environments. PatchCore-Lite achieves a remarkable
79% reduction in total memory footprint, while PaDiM-Lite
achieves substantial efficiency gains with a 77% reduction in
total memory and a 31% decrease in inference time. These
results show that VAD can be effectively deployed on edge
devices, enabling real-time, private, and cost-efficient industrial
inspection.

I. INTRODUCTION

Visual Anomaly Detection (VAD) plays a critical role
in modern manufacturing, enabling automated inspection
of products to identify defects. Traditional VAD systems
typically operate in centralized computing environments with
high-performance hardware and processing images captured
from production lines.

The deployment of VAD systems at the edge means VAD
models run on tiny devices located near the production
line, with limited memory and computational resources. This
setting is highly relevant for industrial applications, as it
offers several significant advantages. First, processing images
locally on edge devices eliminates the need to transmit
potentially sensitive manufacturing data over the internet to
cloud servers, thereby addressing privacy and intellectual
property concerns. Second, edge processing enables lower
latency inference, which is essential for fast-moving pro-
duction lines where real-time decisions must be made about
product quality.

Despite these advantages, deploying VAD methods on
edge devices introduces significant technical challenges.
Edge devices typically have limited computation, memory
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and processing power. Many state-of-the-art VAD methods
have been developed with a primary focus on detection
performance, often employing computationally expensive
operations that are infeasible for edge deployment.

In this work, we proposed to modify two of the most
well-known VAD models for the edge scenario: PatchCore
[1] and PaDiM [2]. While both methods achieve strong
performance, they pose computational challenges for edge
deployment: PaDiM can be computationally intensive due to
the computation of covariance matrices, while PatchCore’s
memory bank can become prohibitively large on memory-
constrained devices.

In this work, we address these challenges by proposing
efficient variants of both methods specifically designed for
edge deployment. Our contributions can be summarized as
follows:

o We introduce a computationally efficient reformulation
of PaDiM that replaces full-covariance estimation with a
diagonal approximation, transforming the Mahalanobis
distance into a lightweight, element-wise operation.
This reduces the complexity from O(d?) to O(d) for
both the training and inference phases.

e Our PatchCore variant employs a two-stage nearest-
neighbour search: an initial coarse search is performed
on a memory bank compressed via product quantisation,
followed by an exact search on a small, selectively
decoded subset. This achieves a significant storage
reduction (12x reduction) and speed improvement.

o The effectiveness of PatchCore-Lite and PaDiM-Lite is
validated on MVTec and Visa datasets. Furthermore,
resource-consumption metrics are provided to demon-
strate the feasibility of deploying these models in edge
scenarios.

« For transparency and to support future research in visual
anomaly detection, both methods are released publicly
as part of the MoViAD [3] library.

The remainder of this paper is organized as follows. Sec-
tion II reviews the related work in visual anomaly detection
and edge computing. Section III presents our methodology
contributions, including the mathematical formulations for
PatchCore-Lite and PaDiM-Lite. Section IV describes our
experimental setup and the employed datasets. Section V
presents experimental results, and Section VI draws some
conclusions and possible future work directions.
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II. RELATED WORK

A. Visual Anomaly Detection

VAD plays a crucial role in many computer vision applica-
tions, including manufacturing, healthcare, autonomous driv-
ing, and security. VAD models offer two main advantages.
First, they are typically trained in an unsupervised manner
using only normal samples, bypassing the time-consuming
and resource-intensive process of collecting and labeling
large numbers of defective examples. Second, in addition
to providing binary, sample-level predictions (normal vs.
anomalous) to support decision-making, VAD methods also
produce pixel-level anomaly maps, which enhance inter-
pretability and increase end-user trust.

In particular, in the manufacturing domain, these proper-
ties are valuable because defective samples are scarce. There-
fore, supervised inspection systems require large amounts of
labeled anomaly data, which is often impractical since de-
fects are rare, costly to reproduce, and continuously evolving.
By learning exclusively from normal production data, VAD
systems can detect previously unseen defects. Furthermore,
industrial inspection imposes strict requirements beyond sim-
ply flagging a product as defective; operators need localized
anomaly maps to understand the root causes of failures.

State-of-the-art VAD models generally fall into two main
categories: reconstruction-based methods and feature embed-
ding—based methods.

Reconstruction-based methods employ generative models
to learn the distribution of normal data during training. At
inference time, anomalies are identified through high recon-
struction errors. Common approaches in this category include
Autoencoders, Generative Adversarial Networks (GANS),

and Diffusion Models. However, these approaches are of-
ten computationally expensive, since they rely on complex
generative models that must accurately reconstruct high-
dimensional inputs. This can limit their applicability in
real-time and resource-constrained scenarios such as edge
deployment.

Feature embedding-based methods, in contrast, exploit
representations extracted from pretrained neural networks,
avoiding explicit image reconstruction and generally achiev-
ing higher computational efficiency than reconstruction-
based approaches. This family of methods can be further
organized into three main subcategories. Teacher—Student
methods utilize knowledge distillation between a teacher and
a student network, where discrepancies between their feature
maps signal anomalous regions. Memory Bank methods
store feature representations of normal samples in a memory
bank; approaches such as PaDiM [2], PatchCore [1], and
CFA [4] belong to this category. Normalizing Flow methods
use flow-based models to map complex data distributions to
a normal distribution, enabling anomaly detection through
likelihood estimation.

B. Edge-Based Visual Anomaly Detection

In practical scenarios, such as manufacturing, VAD models
are often required to operate close to the data source,
which necessitates deployment on edge devices. Despite the
importance of this setting, only a limited number of works
have addressed model optimization for edge deployment. In
particular, [5] presents the first benchmark for deploying
VAD models on the edge. They replace standard heavy back-
bones, such as WideResNet50, with lightweight architectures
like MobileNetV2 in major feature-based VAD methods, and
evaluate them on the most widely used benchmarks in the
field, namely MVTec AD and VisA. This straightforward
approach achieves substantial reductions in memory footprint
and computational requirements while maintaining compet-
itive detection performance. Building on these findings, the
authors introduce PaSTe, an edge-optimized VAD model
based on the STFPM architecture [6], which establishes a
strong baseline for future research in resource-constrained
anomaly detection.

While [5] establishes PaSTe as the first architectural adap-
tation for edge-based VAD, their work focuses exclusively
on a method, STFPM, that belongs to the teacher-student
category. In this context, we propose two novel efficient
VAD methods designed for edge deployment, both belonging
to the memory bank category, whose adaptation for edge
scenarios remains unexplored. Specifically, starting with a
tiny backbone as suggested in [5], we further optimise
PatchCore [1], and PaDiM [2] by introducing PatchCore-Lite
and PaDiM-Lite.

Respectively, we propose specific design modifications
enabling efficient execution on resource-constrained devices.

III. METHODOLOGY

This section presents our two main contributions: a simpli-
fied version of PaDiM using variance vectors (PaDiM-Lite)



and an improved PatchCore with product quantization for
memory bank compression (PatchCore-Lite).

A. Backbone

Both PaDiM and PatchCore rely on a frozen backbone to
extract rich and discriminative feature representations from
the input samples. The backbone is typically a large-scale ar-
chitecture, such as WideResNet50, pretrained on ImageNet.
Specifically, features are collected from multiple intermediate
layers of the network to capture information at different
spatial resolutions and semantic levels, enabling the detection
of both low-level texture anomalies and high-level structural
defects. Specifically, given the feature extractor f(x), where
x € REXWXC the features extracted from different layers
of the network are defined as: f;, € RH:xWixdi \where i €
{1, N'} is the layer index. These multi-scale embeddings are
reshaped to match their spatial resolutions and concatenated
along the channel dimension in order to form a unique
feature map F € RF"*W"xd The set of x;; € F is the
set of patch-level descriptors, which serve as the basis for
subsequent anomaly scoring.

Since the backbone dominates both memory consump-
tion and inference latency, its architecture plays a crucial
role when deploying VAD systems on resource-constrained
edge devices. Lightweight backbones, such as MobileNet,
significantly reduce computational complexity and memory
footprint while maintaining sufficient representational power.
In the results section, we refer to the methods with the
light backbone as PatchCore-Edge and PaDiM-Edge, while
our methodological adaptations will be called PatchCore-Lite
and PaDiM-Lite, respectively.

B. PaDiM-Lite

1) PaDiM: PaDiM models the distribution of normal
patch descriptors using multivariate Gaussian distributions
[2]. For each spatial position (i,5) in the feature map F,
obtained with a pretrained feature extractor (in our case
MobileNetV?2), PaDiM estimates a Gaussian distribution
N (p;;,3ij) from the training features, where p,;; € R4
is the mean vector and X;; € R%*4 is the full covariance
matrix.

At test time, the anomaly score for a patch at position
(i,4) is computed using the Mahalanobis distance:

M (xi) = (xi — pig)" 555" (xi — pay) (1)
where x;; € R? is the feature vector at position (4, j) for
the test image.

Computational Complexity of Original PaDiM:

Training Phase:

(xij

« Computing the full covariance matrix: O(d? - N)
o Inverting the covariance matrix: O(d®) (typically using
Cholesky decomposition)

o Total training complexity per position: O(d? - N + d?)
where d is the embedding dimension and IV the number of
samples.

Inference Phase:

« Matrix-vector multiplication X} (x;;
o Final dot product: O(d)

o Total inference complexity per patch: O(d?)

- Nij): O(d?)

2) PaDiM-Lite: We propose a computationally efficient
reformulation of PaDiM that replaces the full covariance
estimation by approximating it with a diagonal covariance
matrix, effectively using only the variance vector. This is
motivated by the observation that while feature correlations
can improve modeling accuracy, they come at a high compu-
tational cost that may not be justified for edge deployment,
where computational resources are limited.

Specifically, we assume independence between feature
dimensions and model each position (¢, j) using:

o = diag(2i;) = (07

ij,1>
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where a?j € R? is the variance vector with elements:
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For numerical stability, we add a small regularization term
€ (typically € = 0.01):

2 2
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The Mahalanobis distance simplifies to:
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Complexity Analysis:

Training Phase:

o Computing variance vector: O(d - N)

o No matrix inversion needed

« Total training complexity per position: O(d - N)
« Reduction from O(d? - N + d®) to O(d - N)
Inference Phase:

» Element-wise squared differences: O(d)

« Element-wise divisions: O(d)

o Summation: O(d)

« Total inference complexity per position: O(d)
« Reduction from O(d?) to O(d)

where d represents the embedding dimension of the vector
and N the number of samples.

Memory Footprint: This simplified approach also re-
duces memory requirements. Instead of storing a d x d matrix
requiring 4 x d? bytes (for 32-bit floats), we store only
a d-dimensional variance vector requiring 4 X d bytes per
position, plus the mean vector.

C. PatchCore-Lite

1) PatchCore: PatchCore [1] maintains a memory bank
M ={m;,m,,...,mg} of patch feature vectors extracted
from normal training images, where each m; € R?. At test
time, the anomaly score for a test patch feature x is computed
as the distance to its nearest neighbor in the memory bank:



s(x) = min [|x — mz, ©)

while the anomaly score of the entire image is calculated
as the maximum distance score between the patch feature
vectors of the input image and each feature vector m; € M
subsequently regularized.

While effective for anomaly detection, this approach
presents significant challenges for edge deployment. For a
memory bank of size K (typically 10,000 samples after
coreset selection) with d-dimensional features stored as 32-
bit floats, the memory requirement is 4 X K x d bytes. More-
over, the inference phase requires K distance computations
per test patch to find the nearest neighbor, which can be
computationally expensive.

2) PatchCoreLite: Memory Bank with Product Quantiza-
tion: We propose to compress the PatchCore memory bank
using product quantization, which is applied after standard
PatchCore training. The process consists of the following
steps:

Step 1: Standard PatchCore Training. We first train
PatchCore normally by extracting features from the training
set and performing coreset selection to build the memory
bank M of size K.

Step 2: Product Quantization. We apply product quanti-
zation to compress each feature vector in the memory bank.
The d-dimensional space is decomposed into m subspaces,
and each feature vector m € R? is split into m sub-vectors:

m = [m(l), m®?, ... ,m(m)] @)

where each m¥) € R%™, For each subspace j € [1,m],
we learn a codebook C; = {c‘}, c?, . ,c;/ of V' centroids
using k-means clustering on the corresponding sub-vectors
from all memory bank features. Typically, V' = 2° for b bits
per subspace (e.g., b = 8 gives 256 centroids).

Each sub-vector m(/) is then quantized by finding its
nearest centroid:

¢;(m) = arg min m® — cjll. ®

The quantized representation of m consists of m indices
[¢1(m), g2(m), ..., ¢m(m)], requiring only m X b bits in-
stead of 32 x d bits for the original vector.

Step 3: Storage. The compressed memory bank is stored
on the edge device as:

 Quantization indices for all X memory vectors: (m X
b x K)/8 bytes.
o Learned codebooks for all m subspaces: 4 x m x V X
(d/m) =4 x V x d bytes.
For typical values (K = 10000, d = 256, m = 8, b = 8),
the quantized indices require 78.12 KB and the codebooks

further 256 KB, resulting in a total storage of approximately
334 KB compared to the original 9.77 MB.

3) Inference Phase: Two-Stage Nearest Neighbor Search:
At inference time, we employ an efficient two-stage search
strategy that balances speed and accuracy:

Step 1: Coarse Search in Compressed Space. For a test
patch feature x € RY, we first quantize it using the learned
codebooks:

X = [ql (X(l))a q2 (X(Q))7 e ,qm(x(m))] (9)

We compute the asymmetric distance to each quantized
memory vector using:

dix,mg) = [ D% - c¥™)3 (10)
j=1

We then identify the & nearest neighbors in the compressed
space, where £ is an hyperparameter (typically k¥ = 500 to
1000 out of K = 10000) where k < K .

Step 2: Fine Search on Decoded Subset. We decode only
the k candidate nearest neighbors identified in Step 1. For
each quantized memory vector m; in the candidate set, we
reconstruct an approximation:

~_ [aq1(mi)  g2(m;) m;
m; = [c] ,Co 7...,C;1;L”( l)]

Y

We then compute the exact Euclidean distance between x
and each decoded vector m; in the candidate set, and select
the minimum as the final anomaly score:

(12)

min  [|x — /s

s(x) = 1h; Ecandidates

Complexity Analysis. The two-stage approach provides

significant computational savings:

« Stage 1: O(K - m) operations for approximate distance
computation using lookup tables, where m is typically
small (e.g., 8)

o Stage 2: O(k - d) operations for exact distance compu-
tation on the small candidate set, where £ < K

o Total: O(K - m + k - d) compared to O(K - d) for
exhaustive search

For typical values (K = 10000, £ = 1000, d = 256,

m = 8), this represents a significant reduction in compu-
tations. Furthermore, to reduce the number of comparisons
needed to calcolate the image level anomaly score in the
original PatchCore implementation, we consider as image
level anomaly score the maximum patch anomaly score in
the image (as done also in PaDiM).

IV. EXPERIMENTAL SETUP
A. Datasets

For evaluation, we make use of two well-established
benchmarks in the Visual Anomaly Detection field: MVTec
and Visa datasets (see Figure 2 for representative examples).
The MVTec AD dataset [7] consists of high-resolution im-
ages across 15 categories, including 10 object types (bottle,
hazelnut, metal nut, etc.) and 5 texture types (grid, tiles, etc.).
Each category provides only defect-free training images,
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Fig. 2.
MVTeC [7] with their corresponding anomaly mask.

Examples of anomalous images present in the test dataset of the

while the test set contains both normal and anomalous
samples with pixel-level ground truth annotations available
for all anomalous test images. Similarly, the VisA dataset
[8] comprises 10,821 high-resolution color images (9,621
normal and 1,200 anomalous samples) covering 12 objects
in 3 domains, making it another recognised benchmark for
industrial anomaly detection.

B. Implementation Details

For both proposed methods, we employ a pre-trained Mo-
bileNetV2 backbone as the feature extractor, which provides
an optimal balance between representation power and com-
putational efficiency for edge deployment, as demonstrated in
[5]. Features are extracted from three intermediate layers to
capture multi-scale semantic information at different spatial
resolutions. The complete implementation is available in the
open-source MoViAD library [3].

Both PaDiM-Edge and PaDiM-Lite extract features from
layers 7, 10, and 13 of MobileNetV2, resulting in a 224-
dimensional concatenated feature vector. For PatchCore-
Edge and PatchCore-Lite, we follow the implementation
of [5] and extract features from layers 4, 7, and 10 of
MobileNetV2. The product quantization in PatchCore-Lite
uses m = 8 subspaces with b = 8 bits per subspace
(256 centroids per subspace). For STFPM-Edge and Paste
methods, we use the layers 3, 8, and 14 for feature extraction
as proposed in the original work [5]. For both methods, the
teacher is the backbone, and the student is the additional
memory.

TABLE I
PERFORMANCE COMPARISON ON MVTEC AND VISA DATASETS.

Method I-ROC P-ROC
MVTec VisA MVTec VisA
PatchCore [1] 0.98 0.92 0.97 0.98
PatchCore-Edge [5] 0.95 0.86 0.96 0.91
PatchCore-Lite 0.86 0.68 0.94 0.90
PaDiM [2] 0.96 0.88 0.98 0.94
PaDiM-Edge [5] 0.94 0.84 0.97 0.97
PaDiM-Lite 0.85 0.75 0.94 0.93
STFPM [6] 0.95 0.85 0.97 0.95
STFPM-Edge [5] 0.90 0.84 0.96 0.97
Paste [5] 0.92 0.84 0.95 0.97

C. Evaluation Metrics

We evaluate both methods using standard metrics for
visual anomaly detection:

o Image-level AUROC (I-ROC): Area under the Re-
ceiver Operating Characteristic Curve for classifying
images as normal or anomalous.

o Pixel-level AUROC (P-ROC): Area under the Receiver
Operating Characteristic Curve for classifying each
pixel as normal or anomalous.

e Memory Footprint: Total memory required to store
model parameters and auxiliary data structures (memory
bank, statistics, etc.).

o Inference Time: Average time required to process a
single test image on a target edge device.

o Inference Peak memory: Average peak memory
needed to process a single test image on a target edge
device.

All experiments to measure the Inference Time and Peak
Memory Inference metrics are conducted on a Intel(R)
Core(TM) 15-9600K CPU @ 3.70GHz to simulate edge
deployment conditions.

V. EXPERIMENTAL RESULTS

Section V-A presents a detailed comparison of PaDiM-
Lite and PaDiM-Edge in terms of memory footprint and
computational efficiency. Section V-B provides an analogous
analysis for PatchCore-Lite and PatchCore-Edge.

A. Comparison of Padim-Lite vs. Padim-Edge

Memory and Inference Comparison: PaDiM-Lite by

replacing the full covariance matrix estimation with a di-
agonal approximation, achieves a significant reduction in
the additional memory, moving from 3.75 MB to 0.13
MB (97%), while total memory consumption (including
the MobileNetV2 backbone) decreases by 77%. Inference
latency improves by 31%, decreasing from 35 ms to 24 ms
per image. This speedup reflects the theoretical complexity
reduction from O(d?) to O(d) for the Mahalanobis distance
computation, though due to the time spent by the feature
extraction step, the total inference time is reduced just by
31%.
Performance: These reductions are achieved while maintain-
ing strong pixel-level localization performance, with P-ROC
values of 0.94 on MVTec AD compared to 0.97 of Padim-
Edge, though there is a slight decrease for image-level per-
formance, from 0.94 of Padim-Edge to 0.85 of Padim-Lite.
This demonstrates that the diagonal approximation preserves
the essential discriminative information needed for accu-
rate anomaly localization, discarding the cross-dimensional
correlations that, while theoretically informative, prove less
critical for spatial localization and come at a prohibitive
computational cost for edge scenarios.

B. Comparison of PatchCore-Lite vs. PatchCore-Edge

Memory and Inference Comparison: The quantization
of PatchCore’s memory bank enables a 12x reduction in
memory compared to PatchCore-Edge, which itself already



TABLE I
EFFICIENCY COMPARISON ACROSS MODELS.

Method Backbone [MB]  Additional Memory [MB] Total Memory [MB] Inf. Time [ms] Peak Memory Inference [MB]
PatchCore [1] 95 68 163 345 286
PatchCore-Edge [5] 0.95 6.10 7.05 30 0.02
PatchCore-Lite (ours) 0.95 0.54 1.49 130 0.03
PaDiM [2] 95 3800 3895 22553 1.26
PaDiM-Edge [5] 0.95 3.75 4.70 35 0.91
PaDiM-Lite (ours) 0.95 0.13 1.08 24 0.68
STFPM [6] 95 95 190 123 332
STFPM-Edge [5] 2.66 2.66 5.32 13 18.34
Paste [5] 2.66 245 5.11 9 44.62

reduced the memory footprint of the original PatchCore by
12x in the memory bank and 23x overall. On the other
hand, inference time is approximately four times higher than
PatchCore-Edge, due to the dequantization performed on the
k nearest neighbors during the second step of inference.
While this is computationally lighter than dequantizing the
entire memory bank, it still leads to a noticeable increase in
inference time. Nevertheless, the peak memory consumption
at inference remains low, and combined with the minimal
storage requirements, this makes the approach particularly
well-suited for memory-constrained devices. PatchCore-Lite
has the most flexible architecture in terms of memory usage,
since both the number of samples in the memory bank and
the quantization hyperparameters can be tuned to the exact
hardware specifications of the deployed edge device. This
allows to get the most out of the available hardware resources
and tune the performance/efficiency trade-off.

Performance: Employing PatchCore-Lite results in a
reduction in image-level performance from 0.95 to 0.86,
which is expected, as quantization reduces the represen-
tational capacity of the memory bank. Nevertheless, the
degradation is limited, and even negligible at pixel-level. A
similar trend is observed on the VisA dataset, where the drop
in image-level performance is more pronounced. This effect
is likely due to the nature of the anomalies present in the
VisA dataset, for which image-level scores may be more
sensitive to quantization errors. Finally, it is worth noting
that performance is highly sensitive to the number of nearest
neighbors (k) that are chosen: typically, the higher k is,
the higher will be the performance, at the expense of an
increased inference time related to the need of dequantizing
a higher number of vectors.

VI. CONCLUSIONS

In this work, we addressed the critical challenge of
deploying Visual Anomaly Detection systems on resource-
constrained edge devices for real-time industrial inspection.
We proposed two efficient VAD methods, PatchCore-Lite and
PaDiM-Lite, specifically designed to overcome the memory
and computational limitations inherent in edge environments
while maintaining practical detection performance.

PaDiM-Lite achieves substantial efficiency gains by re-
placing full covariance matrix estimation with a diagonal

approximation, resulting in a 77% total memory reduction
compared to PaDiM-Edge and a 31% reduction in inference
time, while maintaining competitive pixel-level performance
(P-ROC of 094 on MVTec AD compared to 0.97 of
Padim-Edge). PatchCore-Lite employs a two-stage nearest-
neighbor search strategy with product quantization, achieving
a remarkable 79% total memory reduction compared to
PatchCore-Edge and a 91% reduction when considering only
the memory bank. This compression comes at the cost of a
4x increase in inference time (130 ms vs. 30 ms), primarily
due to the selective dequantization of candidate neighbors
during the fine search stage.

Our experimental evaluation on the MVTec AD and VisA
benchmarks demonstrates that both methods achieve a favor-
able trade-off between detection performance and resource
efficiency. These results confirm that effective VAD can
be deployed on edge devices, enabling real-time, privacy-
preserving, and cost-efficient industrial quality control with-
out reliance on cloud infrastructure.
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