
Benchmarking Framework for Anomaly Localization: Towards Real-World Deployment
of Automated Visual Inspection

Tryambak Gangopadhyaya,∗, Sungmin Honga, Sujoy Roya, Yash Shaha, Lin Lee Cheonga,∗

aAmazon ML Solutions Lab, Amazon Web Services

Abstract

Localizing defects in products is a critical component of industrial pipelines in manufacturing, retail, and many other industries
to ensure consistent delivery of high quality products. Automated anomaly localization systems leveraging computer vision have
the potential to replace laborious and subjective manual inspection of products. Recently, there have been tremendous efforts in
this research domain investigating deep learning-based anomaly localization methods. However, such proposed methods, mainly
considering product-specific evaluation, cannot be directly implemented for real-world use. Therefore, despite the advancements,
there is still a gap between research and deployment of those methods to real-world production environments. Implementing
any automated solution for manufacturing can involve a steep upfront investment. It is important to develop an industry-friendly
benchmarking framework to ensure the feasibility and robustness of an automated quality control system. In this paper, we present
a new anomaly localization benchmarking framework considering different aspects - 1) understand the performance of models in
a generalizable product-agnostic manner, 2) explore pros and cons to find the most optimal modeling approach, 3) develop an
efficient training and inference scheme with defect-free training samples and very few defective samples for evaluation, and 4)
perform an ablation study of threshold estimation techniques to determine optimal threshold level for segmentation. We release a
newly-labeled dataset for the research community with product-agnostic categorization of defective product images. To the best of
our knowledge, this is the first anomaly localization work on developing a benchmarking framework focusing on real-world use.
We believe domain experts from different industries will find this useful and can gain valuable insights to deploy automated visual
inspection in production pipelines.
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1. Introduction1

Detecting defects from product images is of profound impor-2

tance in manufacturing [1, 2] to maintain high product quality3

and ensure cost efficiency. Once trained in recognizing what4

a defect-free product sample looks like, humans are generally5

good in these visual inspection tasks and are flexible in quickly6

adapting to detect different defect types. However, in industrial7

production, manual inspection processes can suffer from lim-8

ited throughput and can be subjective with a much slower feed-9

back loop. Though automated visual defect detection can have10

high upfront costs, it provides the advantages of being fast and11

repeatable, has lower inspection costs and the feedback loop is12

faster.13

Given these advantages, several manufacturers are leverag-14

ing automated visual defect detection modules as part of qual-15

ity check processes in production pipelines. One of the primary16

challenges faced by the machine vision modules is that it is dif-17

ficult to consistently categorize a defect as it can come in dif-18

ferent forms and shapes - hence can be described, at best, as an19

“anomaly”. Anomaly detection refers to computing an anomaly20

score of each image for image-level classification that predicts21
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an image is whether anomaly-free or anomalous [3]. Anomaly22

localization is a more complex task that involves assigning a23

pixel-level anomaly score to estimate a segmentation map high-24

lighting subtle anomalous regions in an image. Anomalies can25

be located by either putting a bounding box [4] or classifying26

every pixel as anomalous or non-anomalous [5]. While the for-27

mer approach is useful if it satisfies industrial production goals,28

the segmentation mask estimation provides pixel-wise preci-29

sion of an anomalous area that enables a system to localize30

subtle defects. We focus on modeling approaches that can gen-31

erate pixel-precise anomaly segmentation maps by masking the32

defect-free regions.33

While both supervised and unsupervised approaches can be34

used for anomaly localization, there are some major disadvan-35

tages of adopting a supervised approach: 1) manual annota-36

tion of defective images is expensive, 2) all possible defect37

types need to be known beforehand, 3) only a limited number38

of defective images are available compared to the amount of39

defect-free images as industrial production processes are opti-40

mized to minimize the number of defective samples. To allevi-41

ate these disadvantages, it is important to develop a benchmark-42

ing framework based on self-supervised or weakly-supervised43

approaches. Semi-supervised approaches have been proposed44

for anomaly localization to efficiently compute anomaly score45
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maps for anomalous images after being trained on defect-free46

images [6, 7, 8, 9].47

Most of the existing anomaly localization works evaluate the48

efficacy of their proposed methods on individual product types49

from some publicly available datasets like MVTec [10]. In such50

a dataset, the nature of defects are product-specific and there-51

fore, from such evaluations, we only learn about how a pro-52

posed method works on a specific product or defect type. This53

does not help a manufacturer coming with a different product54

having its own set of defect types. It is also not clear what we55

are learning across product types and what specific character-56

istics of a product/defect type are suitable to be analyzed by57

such proposed machine vision approaches. Therefore, the pro-58

posed methods cannot be directly implemented for real-world59

use. For performance evaluation, most methods have utilized60

only threshold-independent metrics. But, this is not useful in61

inference scenarios, when the goal is to generate the segmen-62

tation map by masking the non-anomalous regions. Therefore,63

determining an optimal threshold is crucial to make a frame-64

work ready for practical use.65

To alleviate these problems, we develop a benchmarking66

framework that maps a product/defect type combination to67

higher level descriptive abstractions capturing similar charac-68

teristics. The framework defines and demonstrates the charac-69

teristics of a dataset that would help us to gain insights from70

different anomaly localization methods. The learnings about71

pros and cons can be applied to a new use case or dataset. To72

the best of our knowledge, this is the first anomaly localization73

work focusing on real-world use in industrial production. Users74

can utilize this benchmarking framework to integrate an auto-75

mated anomaly inspection process to their pipelines. Through76

the proposed benchmark, this work makes the following contri-77

butions:78

1. We make available new annotations of anomalous prod-79

uct images that capture higher-level human understandable80

descriptions. The newly labeled versions of the datasets81

can enable researchers implement new experiments in this82

direction.83

2. We highlight the disadvantages of some evaluation metrics84

commonly used in existing anomaly localization works85

and recommend metrics that are useful from the perspec-86

tive of practical use. The benchmarking framework also87

bring out the pros and cons of each individual method and88

this information can guide the practitioners during imple-89

mentation.90

3. We focus on the importance of determining an optimal91

threshold value for anomaly localization. We perform a92

detailed ablation study of threshold-determination tech-93

niques and suggest optimal solutions specific to broad94

product-agnostic categorization.95

4. We demonstrate how a manufacturer, with a new product96

having its unique set of defect types, can utilize this bench-97

marking framework to figure out what works best for their98

use case.99

The paper is organized into three sections. First, we focus100

on the modeling approaches and datasets. Thereafter, Section 3101

presents the threshold determination techniques and is followed102

by conclusion.103

2. Proposed Benchmarking Framework Formulation104

An overview of different phases of an anomaly localization105

pipeline is shown in Fig. 1. The training phase requires non-106

anomalous examples to train a machine learning model which107

does not learn about anomalous samples. In this work, we in-108

vestigate different types of modeling approaches for the train-109

ing phase. The validation phase, requiring the availability of110

few anomalous samples, computes the optimal threshold level111

which is used in the inference phase to mask non-anomalous112

regions. As this validation phase is very rarely used in ex-113

isting works, it is difficult to accurately replicate previous ex-114

periments. Also, existing datasets do not make this validation115

dataset explicitly available. In the inference phase, an anomaly116

score map is first generated to highlight the anomalous regions117

and thereafter, the segmentation map is computed by masking118

the non-anomalous pixels. The goal of the proposed bench-119

marking framework is to provide guidance regarding build-120

ing an anomaly localization pipeline comprising three different121

phases to localize anomalies from images of novel products.122

The proposed benchmarking framework broadly consists of123

three building blocks - datasets, anomaly localization meth-124

ods and evaluation approaches. In this section, we dive deep125

into each of the building blocks. We present product-agnostic126

dataset categorization, anomaly localization method categoriza-127

tion and take an in-depth look at evaluation techniques that are128

more relevant for practical use.129

2.1. Product-Agnostic Dataset Categorization130

It is important to understand the performance of the anomaly131

localization methods over different products in a generalized132

setting beyond the product-specific analyses. We perform two133

types of product-agnostic dataset categorization.134

2.1.1. Background Categories135

We categorize the product image types as with or without136

a background. In practical scenarios, a varying background137

can play a significant role in influencing the performance of138

an anomaly localization model.139

With Background: For product images with a background,140

there is the presence of a background and in some cases, the141

product may constitute less number of pixels compared to the142

background. In many real use cases, the background can vary143

for the same foreground product.144

Without Background: For product images without a back-145

ground, there is no presence of an external background and the146

product itself covers all the image pixels. This is applicable147

for products like a carpet, a grid, a wooden floor, etc when the148

product itself is the background.149

Sample images from the two background categories are150

shown in Fig. 2.151
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Figure 1: Illustration of different phases of an anomaly localization pipeline. While the training phase needs only anomaly-free images, the validation phase requires
only very few samples of anomalous images. The optimal threshold determined during the validation phase is utilized to generate the segmentation map from
anomaly score map in the inference phase.

Figure 2: Background Categories. Sample images from MVTec [11, 10] and
BTAD [12] datasets.

2.1.2. Defect Categories152

We propose to categorize product images into four broad153

product-agnostic defect categories, namely, (1) structural, (2)154

surface, (3) contamination, and (4) combined. This type of de-155

fect categorization allows us to compare the efficacy of different156

anomaly localization methods across products instead of being157

product specific. Thereafter, for a new product, with similar de-158

fect categorization, the analysis can help us to understand which159

method works better.160

Structural: Structural defects are represented by distorted or161

missing object parts or some damage to the product structure. In162

Fig. 3 an example of structural defect from a product is shown163

- we observe that a large part of the product is broken here.164

Generally, a structural defect is not a sublte defect, rather it165

involves considerable damage to the product structure. Some166

Figure 3: Defect Categories. Sample labeled anomalous images from MVTec
[11, 10] dataset.

examples of structural defects are holes, bends, missing parts,167

etc.168

Surface: Surface defects are mostly restricted to smaller re-169

gions on the surface of the products. These defects require rel-170

atively lesser repair effort, and, unlike structural defects, they171

do not always make the product unusable. However, for some172

refined products like wafer (a thin slice of semiconductor), sur-173

face defects can render those products useless. Some examples174

of surface defects are scratches, dents, iron rust, etc.175

Contamination: Contamination defects indicate the presence176

of some foreign material that is not part of the original product177

(normal image). In general, fixing these defects don’t require178

much effort and can happen at various scales. Some examples179

of contamination defects are glue slip, dust, dirt, etc.180

Combined: In several cases, defects can be a combination of181
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the above three types of defects. In such scenarios, it is hard182

to clearly categorize an anomalous image into a specific de-183

fect category. A combined defect can be characterised by the184

presence of multiple connected components in the ground truth185

segmentation map - for example, a hole in a contaminated back-186

ground.187

The defect categories, to some extent, highlight the degree188

of a damage and the complexity of a solution/repair to fix a189

defect. In general, for a solid object, structural defects are the190

hardest to fix, followed by surface and contamination defects,191

respectively.192

Apart from product-agnostic categorization, we highlight an-193

other important aspect of dataset in anomaly localization bench-194

marking framework. Any benchmarking dataset should com-195

prise distinct training, validation and test datasets for each prod-196

uct. In existing publicly available datasets [10, 12], a validation197

dataset is not explicitly identified. A method may take a cross-198

validation approach by splitting the training data into training199

and validation sets. However, when the training images are all200

normal images, estimating an optimal threshold based only on201

anomaly-free images will not work well [11]. Having a valida-202

tion set, comprising a set of anomalous images, is necessary for203

optimal threshold estimation.204

2.2. Anomaly Localization Method Categorization205

As illustrated in Fig. 1, the training phase in an anomaly lo-206

calization pipeline involves training a machine learning model207

using anomaly-free images. The trained model is utilized to208

generate anomaly score map in the inference phase. Previous209

works have proposed anomaly localization methods leveraging210

different architectures and theories on modeling the distribution211

of normal images and estimating anomaly from the learned dis-212

tribution. Depending on how an anomaly score map is gener-213

ated, we can categorize the methods into four broad categories:214

reconstruction based [6], attribution map based [7], patch simi-215

larity based [8] and normalizing flow based [9].216

Reconstruction-based: Approaches based on reconstruction217

error are essentially trained on defect-free images and gener-218

ate an anomaly score map based on the differences between test219

image and (defect-free) reconstructed version. The underlying220

mechanism is that these methods are trained to learn to generate221

a defect-free image and if the test image has any localized de-222

fects it should be highlighted in the difference. Generating a re-223

constructed version of a test image can be done using modified224

GANs [13, 14, 15] and different autoencoder variants [16, 17].225

These models assimilate global knowledge of all pixels in im-226

age and hence, are not expected to work well for subtle de-227

fects. Using variational autoencoders [16] instead of determin-228

istic convolutional autoencoders doesn’t significantly improve229

unsupervised segmentation performance [18].230

Attribution-Map-based: Attribution-map-based frameworks231

[19, 20, 7] utilize gradients to explain predictions of deep learn-232

ing models. These methods are based on ideas from path233

attribution methods like integrated gradients [21] which use234

gradient-based ways to explain a model’s predictions in terms235

of features. The intuition is to attribute the output loss to input236

pixels and the loss is an estimation of deviation from normal.237

Although these approaches seem intuitive, in some scenarios,238

these methods can end up attributing the loss to a large portion239

of the entire product image, especially when the product is the240

background or when the defect is camouflaged with the back-241

ground.242

Patch-Similarity-based: For localization approaches based243

on patch similarity, first, distributions are learned from defect-244

free patches and thereafter, during inference, some patch-wise245

statistics of test image are compared with the learned distribu-246

tions to predict if a patch is anomalous or not. These approaches247

follow the principle of learning a distribution for representa-248

tions of defect-free patches and finding a robust way to detect249

outliers based on similarity matching. There are issues concern-250

ing how well these methods can scale for a large collection of251

patches and whether the methods can miss out on a global per-252

spective. But, several existing works [8, 5, 22, 23, 24] have pro-253

posed methods which can work around those issues and have254

reported good results.255

Normalizing-Flow-based: Normalizing flows are networks256

capable of learning complex transformations between data dis-257

tributions and probability densities [25]. A valid probability258

distribution is obtained after the initial density flows through259

a sequence of invertible mappings. This type of neural net-260

work was proposed to alleviate the problems of GANs [26] and261

VAEs [16] by implementing invertible functions. Features ex-262

tracted by convolutional neural networks can be leveraged to263

estimate density using normalizing flows. To adapt normal-264

izing flows for low dimensional data, DifferNet uses a multi-265

scale feature extractor [27]. CFLOW-AD [9], a model based266

on conditional normalizing flow, extends DifferNet to achieve267

pixel-level anomaly localization.268

2.3. Evaluation Approach269

To properly evaluate the performance of different ap-270

proaches, correctly choosing a set of metrics is important. The271

previous works in this domain have used a wide variety of met-272

rics, some of which may not be ideal to estimate the localization273

performance. Most of the previous works have reported local-274

ization performance using the AUROC (Area Under Receiver275

Operating Characteristic Curve) metric. In certain scenarios,276

ROC curve (plotting FPR Vs TPR) may not be a reliable met-277

ric. For example, if the defect is a subtle defect (with wide278

spread of masked region in the segmentation map), False Pos-279

itive (FP) can be low with a high True Negative (TN) leading280

to low False Positve Rate (FPR) value. The AUROC value will281

not be a good estimate of the performance in such a scenario.282

We discuss more about choosing the right metrics in later sec-283

tions. Also, a threshold-independent metric like AU-ROC can284

only be used for validation and not for inference in a production285

setting.286

Thinking from the perspective of practical use, we believe287

that evaluation should be two fold in these localization sys-288

tems - validation and inference metrics. While the valida-289

tion metrics don’t require a threshold value, the computa-290

tion of inference metrics need an optimal threshold. In other291

words, the validation and inference metrics can be referred to292
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as threshold-independent and threshold-dependent metrics, re-293

spectively. Also, there needs to be a common consensus about294

which metrics are most optimal for practitioners to use in indus-295

trial production. To ensure that metrics can properly assess the296

performance, validation and inference metrics are accordingly297

selected in our benchmarking framework.298

2.3.1. Validation Metrics299

AU-ROC: The Receiver Operating Characteristic (ROC) curve
is one of the most widely used evaluation tools for classifica-
tion and segmentation. The ROC curve is plotted by the True
Positive Rate (TPR) against the False Positive Rate (FPR) with
varying discrimination thresholds [28]. The Area Under ROC
curve (AU-ROC) measures the probability of positive samples
being ranked higher than negative samples. For binary segmen-
tation, the AU-ROC can be estimated as follows [29],

AU-ROC =

∑
t0∈D0
∑

t1∈D1 1[ f (t0) < f (t1)]
|D0||D1|

, (1)

where f ,D0,D1, and 1[·] are the predictor function that returns300

the predicted probability, the negative sample set, the positive301

sample set, and the indicator function, respectively.302

AU-IoU: The Intersection over Union (IoU) score is defined as
follows,

IoU(t) =
T P(t)

T P(t) + FP(t) + FN(t)
, (2)

where t, T P, FP, and FN are the threshold, false positives, and
false negatives, respectively. Compared to the F1 score, it pe-
nalizes the false predictions more. The IoU curve plots the IoU
against the FPR which shows the trade-off between the false
positives and IoU over varying thresholds. The Area Under IoU
curve (AU-IoU) score is the trapezoidal area of the IoU curve,

AU-IoU = auctr(IoU-FPR(t)) ≈
∫

t
IoU-FPR(t)dt, (3)

where IoU-FPR(t) is the point on the IoU curve with corre-303

sponding IoU and FPR at the threshold t.304

AU-PR: The Precision-Recall (PR) curve shows precision,
Precision(t) =

T P(t)
PP(t) , against recall, Recall(t) =

T P(t)
P with vary-

ing thresholds t, where T P, PP, and P are true positives, pre-
dicted positives, and positives, respectively. It is widely used
when there is class imbalance between positive and negative
samples because the AU-ROC may not represent the quality of
a predictor well with severe class imbalance. In practice, the
Area Under PR curve (AU-PR) is computed by the trapezoidal
area of the PR curve because the standard linear interpolation
overestimates the AU-PR [30],

AU-PR = auctr(PR(t)) ≈
∫

t
PR(t)dt, (4)

where τ, auctr, and PR(t) is a prefixed threshold interval, the305

trapezoidal area function, and the Precision-Recall point at the306

threshold t.307

AU-PRO: Per-region overlap (PRO) measures the region-wise
TPR [31, 32, 10]. It is often used for the evaluation of anomaly

localization where subregion-wise overlap is more important
than the pixel-wise overlap to identify the anomalous areas [10].

PRO(t) =
1

Nc

∑
i

∑
k

|PPi(t) ∩Ci,k |

|Ci,k |
, (5)

where Ci,k is the kth connected component in the ith ground
truth segmentation label. The PRO curve plots the PRO against
the FPR with varying thresholds, t. It can be viewed as the
region-level ROC curve. The Area Under PRO curve (AU-
PRO) is calculated similarly to the AU-PR and AU-IoU by cal-
culating the trapezoidal area of the PRO curve,

AU-PRO = auctr(PRO-FPR(t)) ≈
∫

t
PRO-FPR(t)dt, (6)

where PRO-FPR(t) is the point on the PRO curve with corre-308

sponding PRO and FPR at the threshold t.309

In anomaly detection datasets, only a small percentage of all310

pixels are generally labeled as anomalous. The amount of non-311

anomalous pixels is much higher. In industrial pipelines, large312

false positive rate (FPR) can lead to a large amount of non-313

anomalous products to be wrongly rejected after being detected314

as anomalous. Previous works reported that computing the area315

under curves up to a certain limit (30%) of FPR can be more316

appropriate [32, 10, 12, 8, 33, 5]. For AU-ROC, AU-IoU and317

AU-PRO, we compute area up to 30% FPR and then normalize318

the resulting area to ensure that maximum value is 1. For AU-319

PR, the entire area is computed as PR curve does not involve320

FPR.321

2.3.2. Inference Metrics322

IoU: Intersection Over Union (IoU) estimates the amount of323

overlap between the predicted and ground truth segmentation324

maps. The IoU metric (Eq. 2) is not dependent on True Nega-325

tive (TN) and can therefore be a more suitable metric to evaluate326

localization performance.327

F1 Score: F1 Score, designed to handle data imbalances, is328

based on precision and recall. Precision is the ratio between329

True Positive (TP) pixels and number of pixels predicted as330

positive. Here, positive refer to anomalous pixels. High pre-331

cision indicates that a model has low False Positive (FP) value -332

the pixels predicted as anomalous are very likely to be actually333

anomalous. Recall is the ratio between TP and actual number of334

positive pixels. High recall means that the model mostly suc-335

ceeds in finding the anomalous regions. F1 Score, harmonic336

mean of precision and recall, is a metric which finds a balance337

between precision and recall. High value of F1 Score implies338

high values of both precision and recall.339

FPR: False positive refers to predicting the positive event340

(anomaly) falsely when there is no event (anomaly). False pos-341

itive rate (FPR), also called false alarm, summarizes how often342

positive (or anomaly) is predicted when the actual is negative343

(or non-anomalous). It is the ratio between the predicted num-344

ber of false positive (anomalous) pixels and the actual number345

of negative (non-anomalous) pixels. In other words, it quanti-346

fies the percentage of non-anomalous pixels falsely predicted as347

anomalous.348
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Table 1: Annotation details for defect categories of each product from MVTec and BTAD.
Dataset Product Structural Surface Contamination Combined Total

MVTec

Bottle 41 0 21 1 63
Cable 81 0 0 11 92

Capsule 50 62 0 0 112
Carpet 34 17 37 1 89
Grid 25 0 32 0 57

Hazelnut 35 35 0 0 70
Leather 37 37 18 0 92

Metal Nut 46 43 0 4 93
Pill 28 46 50 17 141

Screw 65 40 0 18 123
Tile 33 15 36 0 84

Toothbrush 20 1 3 6 30
Transistor 37 3 0 0 40

Wood 11 28 10 11 60
Zipper 69 33 0 17 119

BTAD
01 24 12 0 13 49
02 30 135 0 35 200
03 33 4 1 3 41

Including Both 699 511 208 137 1555

Table 2: Number of defective samples for each boundary category. Products
from MVTec and BTAD.

Dataset With Background Without Background
MVTec 836 422
BTAD 90 200

Including 926 622Both

PRO: As mentioned before, Per-Region-Overlap (PRO) is a349

region-level metric. The ground truth segmentation map is350

segregated into connected components and for each connected351

component, TPR is computed. TPR values across the connected352

components are averaged to get PRO metric. The advantage of353

PRO is that it gives equal importance to each anomalous region354

irrespective of whether it is large or subtle defect. For this rea-355

son PRO can be a more appropriate threshold-dependent metric356

than TPR but PRO can also suffer from some disadvantages as357

with TPR when TP is high and FN is low for subtle defects in358

an image.359

3. Experimental Setup360

3.1. Generating a Product-Agnostic Dataset361

We described our proposed product-agnostic categorizations362

in Section 2.1. We utilize two publicly available datasets363

(MVTec [11], BTAD [12]) to generate a product-agnostic364

dataset.365

3.1.1. Datasets366

MVTec Anomaly Detection Dataset (MVTec): The MVTec367

Anomaly Detection dataset is a comprehensive multi-object368

dataset providing pixel-precise ground truth segmentation369

maps [11]. The MVTec dataset comprises about 5.3k high-370

resolution color images with 15 product types. Five prod-371

ucts represent different types of textures and the remaining ten372

products are objects. Some objects can be rigid (bottle, metal373

nut) while some (cable) can be deformable. For each product,374

the training set comprises defect-free images and the test set375

comprises of both anomalous and non-anomalous images. For376

the anomalous images, pixel-precise ground truth segmentation377

maps are provided.378

BeanTech Anomaly Detection Dataset (BTAD): BTAD is a379

public dataset consisting of about 1.8k high resolution images380

of three industrial products. BTAD has the same setting as381

MVTec [12]. Similar to MVTec, the training set comprises non-382

anomalous images and the test set includes both non-anomalous383

and anomalous images.384

3.1.2. Product-Agnostic Annotations385

Background Categories: Analyzing based on background cat-386

egories helps us understand how the nature of imaging condi-387

tions can influence vision-based systems in detecting defects.388

For example, when product images have background, localiz-389

ing defects along the edge of products can be challenging. In390

industrial pipelines, while encountering different types of prod-391

ucts, image acquisition processes along with product size may392

decide what type of image will be used as input to the auto-393

mated inspection system. This type of image-type categoriza-394

tion helps us to analyse from that perspective while designing395

the framework. Product-wise examples for the image categories396

are shown in Fig. 2. Table 2 demonstrates number of defective397

samples for each boundary category.398

Defect Categories: As we mentioned earlier, getting insights399

on a broader level is crucial to enable implementation of auto-400
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mated inspection systems across pipelines dealing with differ-401

ent defects. Therefore, it is important to understand the efficacy402

over all product types instead of being product specific. We an-403

notate each anomalous image from MVTec and BTAD datasets404

into four defect categories - structural, surface, contamination405

and combined. For each anomalous sample, considering the406

ground truth segmentation map, the actual anomalous image407

and its corresponding normal product image are compared to408

label that sample to a defect category. A team of annotators409

worked on this and the entire labeling effort was manual. By410

utilizing a custom built UI tool, an annotator could compare the411

image and map in the tool itself to select the appropriate defect412

category. The tool ensured that the labeling process is efficient,413

accurate with faster feedback loop. Table 1 shows number of414

defective samples for each defect category across products.415

Figure 4: Pie charts showing overall statistics of the product-agnostic cate-
gories.

Pie charts in Fig. 4 depict overall numerical proportions416

of the product-agnostic categories. We observe that number417

of samples annotated with structural defects is the most fol-418

lowed by surface defects. Product images having external back-419

ground are more in proportion than product images without420

background.421

3.2. Representative Anomaly Localization Methods422

We choose to evaluate a few representative models based on423

a broad categorization of methods previously described in Sec-424

tion 2.2. Based on the reported state-of-the-art performance of425

existing works, we select a representative approach from each426

category, namely, 1) Autoencoder (AE) [6], 2) Knowledge Dis-427

tillation (KD) [7], 3) Patch Distribution Model (PaDiM) [8],428

and 4) Conditional normalization Flow (CFLOW) [9]. Next, we429

provide brief explanation of the selected modeling approaches.430

3.2.1. Autoencoder (AE)431

Autoencoders when implemented with a structural similarity432

metric (SSIM) loss function [34, 35] can improve anomaly lo-433

calization performance [6]. In this work, autoencoder modeling434

approach is based on [6] utilizing SSIM as the loss.435

Training: To train the autoencoder for a particular product436

type, the dataset is first augmented by generating 10,000 defect-437

free patches of size 128 x 128. Following the training procedure438

of [6], we train the model so that it can learn to reconstruct an439

anomaly-free image as closely as possible.440

Inference: During inference with an anomalous sample, the441

autoencoder model (Fig. 5) still reconstructs a normal version442

Figure 5: Autoencoder Modeling Approach.

of that. With a sliding window approach, SSIM is computed443

between the test image and its reconstruction at each pixel loca-444

tion to compute the anomaly score map highlighting the anoma-445

lous regions.446

3.2.2. Knowledge Distillation (KD)447

In Knowledge Distillation (KD) approach [7], based on ideas448

from attribution methods, the output loss, an estimation of449

anomaly in the image, is attributed to the input pixels.450

Figure 6: Knowledge Distillation Modeling Approach.

Training: The training [7] is done using a student-teacher ap-451

proach with a source network and a cloner network as shown452

in Fig. 6. The source network, pre-trained on Image Net, is453

used to educate the cloner network in various abstraction lev-454

els. It is assumed that the source network has knowledge about455

both anomalous and non-anomalous images. But, the cloner456

network, trained on normal samples can only learn about nor-457

mal images.458

Inference: During inference with an anomalous sample, the459

cloner network cannot recognize it as it has been trained on460

normal images only. The discrepancy between the expert and461

cloner networks’ intermediate activations is used to localize the462

anomalies. The anomaly score map is computed by taking gra-463

dients of the total loss to find anomalous pixels causing an in-464

crease in its value.465

3.2.3. Patch Distribution Modeling (PaDiM)466

Patch Distribution Modeling (PaDiM) [8] gets a probabilistic467

representation of the normal class using multivariate Gaussian468
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Figure 7: PaDiM Modeling Approach.

distributions and correlations between different semantic levels469

of a pretrained CNN.470

Training: For training PaDiM, each image is segregated into471

multiple patches. For each patch position, activations are ex-472

tracted from different abstraction levels of a pre-trained net-473

work. After implementing random dimensionality reduction,474

Gaussian parameters are learned from the training samples475

(Fig. 7).476

Inference: During inference, a test image is divided into mul-477

tiple patches and for each patch, activation values are extracted478

using the pre-trained CNN. Mahalanobis distance is computed479

between the embedding and the learned distribution to compute480

pixel-wise anomaly scores.481

3.2.4. Conditional Normalizing Flow (CFLOW)482

The conditional normalizing flow anomaly detector483

(CFLOW-AD) models the distribution of normal images during484

training by leveraging a pre-trained encoder and the conditional485

normalizing flow (CFLOW) decoder architecture [9]. The486

encoder is pre-trained with a large image dataset for classifica-487

tion (e.g., ImageNet [36]) and used as a feature extractor [37].488

To maximize the ability of the pre-trained encoder with the489

various receptive field sizes, the authors adopted the multi-scale490

feature pyramid pooling approach to pool multiple feature491

vectors representing input image’s characteristics at different492

scales [38].493

Figure 8: CFlow-AD Modeling Approach.

Training: During training, the CFLOW decoder (Fig. 8) mod-494

els the distribution of normal images via the distribution of la-495

tent vectors of the decoder with the feature vectors that were496

pooled at multiple scales as input. To incorporate the spatial in-497

formation of the feature vectors, the decoder comprised the con-498

catenation of the latent vectors and the conditional positional499

vector.500

Inference: At the inference, the CFLOW decoder takes the501

pooled feature vectors by the multi-scale feature pyramid pool-502

ing from the pre-trained encoder as inputs. The probability503

maps are estimated at each scale. The probability maps are504

rescaled to an input image size by bilinear interpolation and ag-505

gregated to estimate the final anomaly score map.506

3.3. Threshold Estimation507

A threshold to estimate a binary anomaly segmentation la-508

bel map from a gray scale anomaly score map is essential in509

the real-world industry environment. However, it is often over-510

looked in many anomaly localization papers and not properly511

evaluated as the validation (threshold-independent) metrics are512

often considered to be good enough to compare the perfor-513

mance of the model [10, 9]. While anomaly score map allots514

an anomaly score for each pixel, evaluation should also be done515

using a segmentation map which masks the non-anomalous re-516

gions. The process of generating this mask given an anomaly517

score for each pixel has not been investigated much in existing518

works. Some existing works either apply a predefined threshold519

[39] or derive one threshold from the test data [40, 9]. While520

former is not an optimal way to determine threshold, for the521

latter, a validation set should be used as the test data should be522

unseen. Some works have determined threshold using a partic-523

ular approach without doing an ablation study of using some524

other methods. Selecting an optimal threshold after optimiz-525

ing the right evaluation metric can improve the performance526

significantly. Our proposed benchmark will provide a detailed527

analysis on threshold-dependent (inference) metrics comparing528

four models with five different threshold estimation techniques.529

To determine a threshold, for each product, we require a valida-530

tion set comprising only a few number of anomalous samples.531

Next, we explain the validation set formation and the threshold532

estimation techniques.533

3.3.1. Data Split into Validation and Test Sets534

In our benchmark we consider the availability of a small535

amount of validation data that belongs to the same distribution536

as the test data. For the MVTec and BTAD dataset, we take out537

few examples from the test set to create the validation set. We538

use a split of 0.3 to generate the validation set from the test set539

of each product. Alongside evaluation, this validation dataset is540

leveraged to determine optimal threshold levels using different541

techniques.542

3.3.2. Threshold Estimation Techniques543

We propose to estimate the thresholds using four different544

techniques. Illustrations of threshold estimation for MVTec545

product bottle using model KD are shown in Fig. 9. Addi-546

tionally, we also determine a baseline threshold using Otsu’s547

method.548

Otsu’s Method: Otsu’s method [41] is based on image his-549

tograms and segments regions by minimizing variance on each550

class (object, background). The main idea is to divide the im-551

age histogram into two clusters. In other words, the optimal552

threshold level is the score that divides the histogram into two553

parts ensuring that distributions of scores falling under the same554

class have minimum variance and distributions of scores falling555

under different classes have maximum variance. It is important556
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Figure 9: Illustrations of threshold estimation. In the ROC, IoU and PRO curves, the vertical lines show the FPR values corresponding to the optimal thresholds. In
the PR curve, the vertical line highlights the recall value corresponding to the optimal threshold.

to note here that, Otsu’s thresholding method does not require557

ground truth segmentation maps.558

Using ROC Curve: To plot the Receiver Operating Character-559

istic (ROC) curve, different threshold values are used to com-560

pute the true positive rate (TPR) and false positive rate (FPR).561

FPR and TPR are plotted on the x-axis and y-axis respectively562

(Fig. 9). The optimal threshold finds the balance between FPR563

and TPR. The threshold which gives the maximum Geometric564

Mean of T PR and 1 − FPR is considered to be the optimal one565

maximizing TPR and minimizing FPR.566

Using IoU Curve: In the IoU curve, we plot the FPR on the567

x-axis and Intersection Over Union (IoU) on the y-axis for dif-568

ferent threshold values as shown in Fig. 9. The optimal thresh-569

old finds the balance by maximizing IoU and simultaneously570

ensuring that FPR is not high. It is determined by maximizing571

the Geometric Mean of IoU and 1 − FPR.572

Using PR Curve As shown in Fig. 9, for the Precision Recall573

(PR) curve, we plot recall and precision on the x-axis and y-axis574

respectively. Different threshold values are used in ascending575

order to compute precision and recall values. To find a balance576

of precision and recall, the F1 Score (described earlier) can be577

maximized. For each threshold value, F1 scores are computed578

and the threshold corresponding to the maximum F1 score is579

the optimal one.580

Using PRO Curve In the PRO curve (Fig. 9, FPR and per re-581

gion overlap (PRO) are plotted on the x-axis and y-axis respec-582

tively. As explained before, PRO is a region level metric aver-583

aging TPR values across multiple connected components in the584

ground truth map. The optimal threshold value, with the max-585

imum Geometric Mean of PRO and 1 − FPR, seeks a balance586

between PRO and FPR.587

4. Results588

In this section, we present results from the validation and in-589

ference phase. To get the aggregated results across different590

products for the product-agnostic categories and for the sub-591

sequent analysis, we don’t consider the product bottle from592

MVTec. We keep aside the product bottle to demonstrate later593

how this benchmarking framework can be leveraged for a new594

product.595

4.1. Validation Phase596

After training each model product-wise, the trained model597

and validation set of each product are utilized to compute the598

optimal thresholds and validation metrics. The optimal thresh-599

old values obtained using our proposed techniques are shown600

in supplementary material (Table 1 and Table 2 for MVTec and601

BTAD dataset respectively). We notice that, overall, Otsu’s602

threshold values are lower than IoU thresholds across different603

models and products. This is an indication that the IoU thresh-604

old will have less chances than Otsu’s threshold in overpredict-605

ing anomalous regions. Considering results across models, we606

find that the threshold values from the AE model are in gen-607

eral higher than the other models. Threshold-determination is608

an important step in our benchmarking framework and in later609

sections, we dive deeper to find definite answers regarding the610

advantages of threshold determination techniques.611

During the validation phase, apart from computing optimal612

thresholds from four different curves (ROC, IoU, PR, PRO),613
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Table 3: Validation Set performance for product-agnostic defect categories.
Category Model AU-ROC AU-IoU AU-PR AU-PRO

Structural

AE 0.436 0.085 0.195 0.432
KD 0.758 0.179 0.422 0.768

PaDiM 0.826 0.200 0.568 0.813
CFLOW 0.825 0.155 0.494 0.814

Surface

AE 0.465 0.062 0.143 0.461
KD 0.801 0.153 0.407 0.826

PaDiM 0.842 0.175 0.537 0.839
CFLOW 0.884 0.149 0.528 0.876

AE 0.176 0.029 0.106 0.175
Contami- KD 0.742 0.163 0.428 0.748

nation PaDiM 0.858 0.219 0.584 0.859
CFLOW 0.922 0.195 0.602 0.918

Combined

AE 0.436 0.128 0.227 0.409
KD 0.681 0.227 0.409 0.696

PaDiM 0.754 0.250 0.518 0.712
CFLOW 0.714 0.189 0.450 0.644

Table 4: Validation Set performance for product-agnostic background cate-
gories.

Category Model AU-ROC AU-IoU AU-PR AU-PRO
AE 0.475 0.073 0.149 0.476

With KD 0.805 0.154 0.364 0.813
Background PaDiM 0.861 0.174 0.541 0.852

CFLOW 0.873 0.138 0.491 0.863
AE 0.327 0.083 0.207 0.312

Without KD 0.695 0.205 0.487 0.717
Background PaDiM 0.776 0.238 0.574 0.761

CFLOW 0.793 0.196 0.540 0.769

we can also get an estimate of the model performance using614

the validation curves. Table 3 shows the validation set perfor-615

mance for the product-agnostic defect categories in terms of616

AU-ROC, AU-IoU, AU-PR and AU-PRO. We notice that in617

terms of AU-ROC and AU-PR, PaDiM and CFLOW outper-618

form other models. When we use AU-IoU as the metric, PaDiM619

demonstrates better performance for all four defect categories.620

We find that CFLOW comparatively performs better when eval-621

uated using AU-PRO. Overall, AE fails to achieve compara-622

ble performance for all the defect categories. Interestingly, we623

observe that, KD performs better than CFLOW for three cat-624

egories when AU-IoU is used as the metric. Similar observa-625

tions can be made from the validation set performance of the626

product-agnostic background categories, shown in Table 4. In627

terms of AU-ROC and AU-PRO, CFLOW slightly outperforms628

PaDiM. PaDiM has higher AU-IoU scores for both background629

categories followed by KD. Therefore, there remains this open630

question regarding the sub-optimal performance of CFLOW in631

terms of AU-IoU when it is showing better results with other632

metrics. This motivates us to understand the right choice of633

evaluation metrics and leads us back to what we have discussed634

before - that validation or threshold-independent metrics may635

not be the correct metrics for evaluation. Evaluation should also636

be done on the predicted segmentation maps using inference or637

threshold-dependent metrics to draw clear conclusions.638

Figure 10: Anomaly score map results for two validation images from MVTec
dataset. The top row and bottom row show anomalous images of hazelnut and
capsule respectively. Though the bottom row demonstrates comparatively bet-
ter localization performance, we observe that the values of AU-ROC, AU-PR
and AU-PRO are lower for the bottom row. Only the value of AU-IoU is higher
which seems to be coherent with the relative performance.

Fig. 10 shows anomaly score map results for two sample im-639

ages from validation sets of hazelnut and capsule. From visual640

comparison, the predicted anomaly score map for capsule im-641

age is localizing anomalies better. In spite of a comparatively642

better localization performance, the AU-ROC, AU-PR and AU-643

PRO scores are lower for the bottom row (capsule) compared644

to the top row (hazelnut). AU-IoU seems to be a more reliable645

metric here. But, it is also quite clear from Fig. 10 that without646

the masking of non-anomalous pixels by using a threshold, it647

is quite difficult to localize the anomalies accurately with low648

false positives. Comparing performance based on segmentation649

maps using inference metrics is therefore important.650

4.2. Inference Phase651

Next, we analyse the product-agnostic performance of the652

different models in terms of inference metrics. Fig. 11 shows653

results from two test images from which we observe that though654

the PRO value is 1.0 for both, segmentation performance varies655

significantly which is correctly captured with changing IoU656

scores. This proves that PRO is not the correct metric for eval-657

uation. In another way of analysis, from Fig. 12, it is illustrated658

that even though the F1 score remains roughly the same and659

the FPR deteriorates slightly, the segmentation performance for660

the bottom row is actually better - correctly manifested by IoU661

scores. This confirms that IoU is a more dependable inference662

metric for anomaly localization. We utilize IoU as the metric663

for performance comparison in Table 5 and Table 6.664

Product types can vary across datasets - so it is important to665

summarize the performance in terms of product-agnostic cate-666

gories. As mentioned in previous sections, we use two types667

of categories - defect and background. Table 5 shows the com-668

parison of four methods in terms of the IoU metric using dif-669

ferent threshold values. From Table 5, we observe that PaDiM670

demonstrates better overall performance than the other models.671

When the defects are structural, PaDiM (IoU scores of 0.307672
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Figure 11: Segmentation map results for two test images from the MVTec dataset with contrasting performances in terms of IoU. The top row demonstrates an
anomalous image from capsule where the segmentation map is computed from the score map using the IoU threshold. The bottom row shows an anomalous image
from the hazelnut dataset where the segmentation map is computed using Otsu’s threshold. It is interesting to note here that for both samples, PRO score is 1.0
comparing the predicted and ground truth map. The other scores, especially IoU varies a lot depending on the performance. This shows why PRO is not a right
metric to evaluate segmentation maps.

Table 5: Test set performance in terms of IoU for product-agnostic defect cate-
gories. The highest IoU value for each category is highlighted.

Category Model Otsu’s ROC IoU PR PRO
Thres Thres Thres Thres Thres

Structural

AE 0.092 0.091 0.118 0.116 0.088
KD 0.165 0.192 0.240 0.236 0.201

PaDiM 0.195 0.234 0.307 0.284 0.232
CFLOW 0.082 0.205 0.288 0.217 0.203

Surface

AE 0.059 0.059 0.086 0.082 0.056
KD 0.087 0.135 0.206 0.210 0.149

PaDiM 0.114 0.138 0.221 0.195 0.137
CFLOW 0.094 0.210 0.297 0.242 0.202

AE 0.062 0.057 0.071 0.077 0.057
Contami- KD 0.189 0.198 0.281 0.280 0.217

nation PaDiM 0.217 0.230 0.325 0.280 0.248
CFLOW 0.116 0.225 0.282 0.222 0.233

Combined

AE 0.147 0.148 0.181 0.171 0.146
KD 0.181 0.238 0.257 0.234 0.250

PaDiM 0.224 0.263 0.294 0.281 0.265
CFLOW 0.066 0.158 0.257 0.149 0.162

and 0.284) is a better choice than CFLOW (IoU = 0.288) or673

KD (IoU = 0.240). For surface defects, CFLOW (IoU scores674

of 0.297 and 0.242) outperforms PaDiM (IoU = 0.221) and675

KD (IoU = 0.206). For contamination defects, we notice that676

PaDiM demonstrates better performance (IoU = 0.325) and the677

performance of CFLOW and KD are almost similar (with best678

IoU scores of 0.282 and 0.281 respectively). Similar observa-679

tions can be made for combined defects - the highest IoU score680

from both KD and CFLOW is 0.257. The best performance for681

combined defects is from PaDiM with an IoU score of 0.294.682

While AE mostly fails to detect anomalous regions, it shows683

Table 6: Test set performance in terms of IoU for product-agnostic background
categories. The highest IoU value for each category is highlighted.

Category Model Otsu’s ROC IoU PR PRO
Thres Thres Thres Thres Thres

AE 0.071 0.073 0.098 0.102 0.069
With KD 0.131 0.177 0.236 0.237 0.185

Background PaDiM 0.148 0.195 0.286 0.272 0.192
CFLOW 0.058 0.172 0.286 0.203 0.169

AE 0.105 0.101 0.128 0.118 0.100
Without KD 0.156 0.175 0.230 0.224 0.192

Background PaDiM 0.206 0.212 0.268 0.224 0.220
CFLOW 0.146 0.271 0.293 0.254 0.270

considerable performance (IoU = 0.181) only for combined684

defects.685

The performances for product-agnostic background cate-686

gories are shown in Table 6. For images with background, both687

PaDiM and CFLOW demonstrate highest IoU score of 0.286.688

The best IoU score from KD is 0.236. When the product images689

don’t have any external background, CFLOW (IoU = 0.293)690

performs better in comparison to PaDiM (IoU = 0.268) and691

KD (IoU = 0.230). Considering the threshold determination692

techniques, from Table 5 and Table 6, we find that estimating693

threshold from IoU curve is the most accurate approach fol-694

lowed by threshold from PR curve.695

5. Discussion696

Product-Agnostic Categorization: One of the key contribu-697

tions of this work is to go beyond product-specific evaluation698

and analysis to enable a more generalized way of comparing699

the model performance. While products can vary in industrial700
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Figure 12: Segmentation map results for two test images from MVTec product Metal Nut with contrasting performances in terms of IoU. The IoU scores for the
top and bottom row are 0.195 and 0.335 respectively. Though the F1 values are very close for both rows and FPR rather increases for the bottom row, IoU value
correctly indicates that for the bottom row the performance is actually better. This shows that IoU is a more reliable metric.

pipelines across different sectors, defects generally will be seen701

to fall among some common categories. In developing this702

benchmarking framework, we consider two types of product-703

agnostic categorization - background and defect. Categorizing704

in terms of defect is done with a detailed labeling effort - a team705

of annotators worked on the task to generate image-wise labels.706

We release these labels as part of the supplementary materials.707

These re-labeled datasets can be very useful for practitioners708

to think along the same lines and researchers can develop new709

benchmarks in a product-agnostic way.710

Threshold Estimation: Threshold estimation is another as-711

pect we focus majorly in this work to make an anomaly local-712

ization system ready for practical use. This has been overlooked713

by previous works and a detailed ablation study was required.714

Utilizing five different threshold determination techniques, we715

perform an ablation study considering all the evaluation met-716

rics. We use a few defective samples as the validation set for717

the threshold estimation step. From the ablation study, we ob-718

serve that using the IoU curve is the most efficient threshold de-719

termination approach followed by the threshold from PR curve.720

Estimating an optimal threshold is an extremely important step721

in building a localization pipeline for real-world use. The in-722

sights gained from this work can be very useful to find the op-723

timal threshold when deploying an automated visual inspection724

system in industrial pipelines.725

Evaluation: We focus on how to correctly evaluate this type726

of framework with different types of metrics. This has also727

been mostly overlooked by previous work and a common un-728

derstanding was required regarding the correct way of evalua-729

tion. While we utilize both validation (threshold-independent)730

and inference (threshold-dependent) metrics, we highlight that731

evaluating with inference metrics is extremely crucial as it in-732

volves predicted segmentation maps. In previous sections, we733

analyze with examples to highlight the disadvantages of vali-734

dation metrics. We also demonstrate with examples that IoU735

is a more reliable inference metric to estimate segmentation736

performance and that some other inference metrics like PRO737

is not suitable. The development of this benchmarking frame-738

work brings more clarity in the evaluation process which can739

contribute immensely towards enabling automated anomaly lo-740

calization.741

Choice of Modeling Approach: We investigate modeling ap-742

proaches from four different broad categories. From experi-743

ments, we find that PaDiM demonstrates better performance in744

most cases. CFLOW and KD also perform well in predicting745

segmentation maps correctly. Comparatively AE fails to per-746

form well in most experiments with some rare exceptions. The747

benchmarking framework highlights the optimal model choice748

for different defect and background categories. We recommend749

that using PaDiM and estimating threshold from the IoU curve750

is the most efficient way to start with for a manufacturer coming751

with a new product. If computational resource is a constraint,752

we recommend using KD which shows faster inference speeds753

in our experiments. If surface defects are more likely to appear754

in the product, CFLOW can be preferred over PaDiM.755

Benchmarking a New Product: As we mentioned earlier, we756

kept aside one product (bottle) to demonstrate how a manufac-757

turer can benchmark a new product. The illustration of the758

benchmarking process with this hold-out product is shown in759

Fig. 13. We have 209 defect-free images and 63 anomalous760

product images. The first step is to categorize the anomalous761

images as per the product-agnostic categorization. Out of 63762

images, 41 images demonstrate structural defects and 21 im-763

ages fall under contamination category. With this proportion of764

defects, we can observe from Table 5 that PaDiM will be the765

appropriate modeling approach. The preferred threshold deter-766

mination approach should be the threshold from the IoU curve.767

Also, the product images have external background and fall un-768

der ‘with background’ category (Table 6). The PaDiM model769

is trained using the normal (defect-free) images. Thereafter,770

12



Figure 13: Illustration of the process of benchmarking a new product. We use the product bottle from MVTec for this illustration. The choices of modeling approach
(PaDiM) and threshold determination technique (IoU Thres) are based on the learnt insights from our proposed benchmarking framework.

the set of anomalous images is split into validation and test set.771

The validation set is utilized to estimate the optimal threshold772

from the IoU curve. After threshold estimation, in the infer-773

ence phase, we generate segmentation maps using the trained774

model along with the threshold value. This is followed by eval-775

uation using IoU and visualization of some segmentation maps776

to confirm the results from a domain perspective.777

6. Conclusion778

We develop a benchmarking framework focusing on mak-779

ing anomaly localization systems ready for practical use. We780

generate a new product-agnostic dataset with annotations of781

anomalous product images capturing higher level features. We782

perform experiments with four different modeling approaches783

along with an ablation study of different threshold estimation784

techniques. We dive deeper to understand the correct way of785

evaluation for the localization task. The insights gained from786

developing this framework can help practitioners in deploying787

automated anomaly localization in industrial pipelines. Accu-788

rate detection of defects will eliminate production of defective789

products and improve the efficiency of manufacturers in deliv-790

ering highest-quality products to their customers. This work791

will also encourage other researchers to perform new experi-792

ments in similar directions. In future, we plan to include other793

datasets to build on the existing defect categories by adding new794

ones. Another future research direction can be to focus on the795

localization performance for rare defects in industrial pipelines.796

Supplementary Material797

See the supplementary material for additional results.798
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[15] T. Schlegl, P. Seeböck, S. M. Waldstein, G. Langs, U. Schmidt-Erfurth, f-868

anogan: Fast unsupervised anomaly detection with generative adversarial869

networks, Medical image analysis 54 (2019) 30–44.870

[16] D. P. Kingma, M. Welling, Auto-encoding variational bayes, arXiv871

preprint arXiv:1312.6114 (2013).872

[17] W. Liu, R. Li, M. Zheng, S. Karanam, Z. Wu, B. Bhanu, R. J. Radke,873

O. Camps, Towards visually explaining variational autoencoders, in: Pro-874

ceedings of the IEEE/CVF Conference on Computer Vision and Pattern875

Recognition, 2020, pp. 8642–8651.876

[18] C. Baur, B. Wiestler, S. Albarqouni, N. Navab, Deep autoencoding mod-877

els for unsupervised anomaly segmentation in brain mr images, in: Inter-878

national MICCAI brainlesion workshop, Springer, 2018, pp. 161–169.879

[19] D. Zimmerer, J. Petersen, S. A. Kohl, K. H. Maier-Hein, A case for the880

score: Identifying image anomalies using variational autoencoder gradi-881

ents, arXiv preprint arXiv:1912.00003 (2019).882

[20] D. Dehaene, O. Frigo, S. Combrexelle, P. Eline, Iterative energy-based883

projection on a normal data manifold for anomaly localization, arXiv884

preprint arXiv:2002.03734 (2020).885

[21] M. Sundararajan, A. Taly, Q. Yan, Axiomatic attribution for deep net-886

works, in: International conference on machine learning, PMLR, 2017,887

pp. 3319–3328.888

[22] K. Zhang, B. Wang, C.-C. J. Kuo, Pedenet: Image anomaly localization889

via patch embedding and density estimation, Pattern Recognition Letters890

153 (2022) 144–150.891

[23] S. Lee, S. Lee, B. C. Song, Cfa: Coupled-hypersphere-based fea-892

ture adaptation for target-oriented anomaly localization, arXiv preprint893

arXiv:2206.04325 (2022).894

[24] K. Roth, L. Pemula, J. Zepeda, B. Schölkopf, T. Brox, P. Gehler, To-895

wards total recall in industrial anomaly detection, in: Proceedings of896

the IEEE/CVF Conference on Computer Vision and Pattern Recognition,897

2022, pp. 14318–14328.898

[25] D. Rezende, S. Mohamed, Variational inference with normalizing flows,899

in: International conference on machine learning, PMLR, 2015, pp.900

1530–1538.901

[26] I. Goodfellow, J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-Farley,902

S. Ozair, A. Courville, Y. Bengio, Generative adversarial nets, Advances903

in neural information processing systems 27 (2014).904

[27] M. Rudolph, B. Wandt, B. Rosenhahn, Same same but differnet: Semi-905

supervised defect detection with normalizing flows, in: Proceedings of906

the IEEE/CVF winter conference on applications of computer vision,907

2021, pp. 1907–1916.908

[28] T. Fawcett, An introduction to roc analysis, Pattern recognition letters 27909

(2006) 861–874.910

[29] T. Calders, S. Jaroszewicz, Efficient auc optimization for classification,911

in: European conference on principles of data mining and knowledge dis-912

covery, Springer, 2007, pp. 42–53.913

[30] J. Davis, M. Goadrich, The relationship between precision-recall and roc914

curves, in: Proceedings of the 23rd international conference on Machine915

learning, 2006, pp. 233–240.916

[31] P. Napoletano, F. Piccoli, R. Schettini, Anomaly detection in nanofibrous917

materials by cnn-based self-similarity, Sensors 18 (2018) 209.918

[32] P. Bergmann, M. Fauser, D. Sattlegger, C. Steger, Uninformed stu-919

dents: Student-teacher anomaly detection with discriminative latent em-920

beddings, in: Proceedings of the IEEE/CVF Conference on Computer921

Vision and Pattern Recognition, 2020, pp. 4183–4192.922

[33] J.-C. Wu, D.-J. Chen, C.-S. Fuh, T.-L. Liu, Learning unsupervised923

metaformer for anomaly detection, in: Proceedings of the IEEE/CVF924

International Conference on Computer Vision, 2021, pp. 4369–4378.925

[34] Z. Wang, A. C. Bovik, H. R. Sheikh, E. P. Simoncelli, Image quality as-926

sessment: from error visibility to structural similarity, IEEE transactions927

on image processing 13 (2004) 600–612.928

[35] H. Zhao, O. Gallo, I. Frosio, J. Kautz, Loss functions for neural networks929

for image processing, arXiv preprint arXiv:1511.08861 (2015).930

[36] A. Krizhevsky, I. Sutskever, G. E. Hinton, Imagenet classification with931

deep convolutional neural networks, Advances in neural information pro-932

cessing systems 25 (2012).933

[37] R. Schirrmeister, Y. Zhou, T. Ball, D. Zhang, Understanding anomaly934

detection with deep invertible networks through hierarchies of distribu-935

tions and features, Advances in Neural Information Processing Systems936

33 (2020) 21038–21049.937

[38] J. Masci, U. Meier, G. Fricout, J. Schmidhuber, Multi-scale pyramidal938

pooling network for generic steel defect classification, in: The 2013 In-939

ternational Joint Conference on Neural Networks (IJCNN), IEEE, 2013,940

pp. 1–8.941

[39] S. Venkataramanan, K.-C. Peng, R. V. Singh, A. Mahalanobis, Atten-942

tion guided anomaly localization in images, in: Computer Vision–ECCV943

2020: 16th European Conference, Glasgow, UK, August 23–28, 2020,944

Proceedings, Part XVII, Springer, 2020, pp. 485–503.945

[40] J. Song, K. Kong, Y.-I. Park, S.-G. Kim, S.-J. Kang, Anoseg: anomaly946

segmentation network using self-supervised learning, arXiv preprint947

arXiv:2110.03396 (2021).948

[41] N. Otsu, A threshold selection method from gray-level histograms, IEEE949

transactions on systems, man, and cybernetics 9 (1979) 62–66.950

14


