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ABSTRACT

Anomaly detection (AD) is a fundamental research problem in machine learning
and computer vision, with practical applications in industrial inspection, video
surveillance, and medical diagnosis. In medical imaging, AD is especially vital
for identifying anomalies that may indicate rare diseases or conditions. Despite its
significance, there is a lack of a universal and fair benchmark for evaluating AD
methods on medical images, which hinders the development of more generalized
and robust AD methods in this specific domain. To bridge this gap, we introduce
a comprehensive evaluation benchmark for assessing AD methods on medical im-
ages. This benchmark encompasses six reorganized datasets from five medical do-
mains (i.e. brain MRI, liver CT, retinal OCT, chest X-ray, and digital histopathol-
ogy) and three key evaluation metrics, and includes a total of fifteen state-of-the-
art AD algorithms. This standardized and well-curated medical benchmark with
the well-structured codebase enables comprehensive comparisons among recently
proposed anomaly detection methods. It will facilitate the community to conduct
a fair comparison and advance the field of AD on medical imaging.

1 INTRODUCTION

Anomaly detection is a technique to identify patterns or instances that deviate significantly from the
normal distribution or expected behavior. It plays a crucial role in various real-world applications,
including but not limited to, video surveillance, manufacturing inspection, rare disease detection
and diagnosis, and autonomous driving, etc. Recent studies in anomaly detection often follows the
unsupervised paradigm, where model training relies solely on the availability of normal samples.
The absence of abnormal samples within this one-class modeling framework makes the discrimina-
tive feature learning challenging. In computational medical image analysis, unsupervised anomaly
detection is essential for identifying unusual and atypical anomalies. Here, anomaly can refer to
abnormal structures, lesions, or patterns in medical images that may indicate the presence of dis-
eases, tumors, or other medical conditions. In biomedicine, normalities are usually well defined
and collecting normal data is comparatively easier; By contrast, anomalies are heterogeneous and it
is implausible to gather a comprehensive set of training samples that covers all possible abnormal
cases, especially concerning rare diseases and unprecedented anomalies or diseases. This inherent
open-set nature of medical data collection implies that conventional supervised methods could re-
sult in poor performance on unseen abnormalities. To supplement the above mentioned limitation
of supervised learning, the primary objective of medical AD is not to classify known diseases, but
rather to signal an alert when abnormalities occur.

Due to the practical significance of anomaly detection, several benchmarks have been established
recently (Xie et al.l 2023} Zheng et al.| 2022} [Han et al.l [2022} [Yang et al., 2022). However, these
benchmarks primarily focus on industrial images such as those in MVTec (Bergmann et al., 2019)
and natural images, and there is a lack of benchmark datasets specifically designed for the medical
field despite its significannce. Among the rich literature of medical anomaly detection, due to the
lack of dedicated medical anomaly detection datasets, prior arts usually employ datasets that are
initially developed for supervised classification (Schlegl et al.| 2017 Zhou et al. |2020a; [Zhang
et al.,2020; Wang et al.,|2017) or segmentation tasks (Chen & Konukoglu, |2018};|Baur et al.,[2019).
For the anomaly detection purpose, these datasets undergo extensive cleaning and reorganization.
For one thing, we observe an inconsistency in the citation of data sources (Salehi et al.,[2021; Zhou
et al.,|2020b; |Chen et al.,[2022). For another, even using the same dataset, there is no clear consensus
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Figure 1: Diagram of the BMAD benchmarks. BMAD includes six datasets from five different
domains for medical anomaly detection, among which three support pixel-level AD evaluation and
the other three for sample-level assessment only. BMAD provides a well-structured and easy-used
code base, integrating fifteen SOTA anomaly detection algorithms and three evaluation metrics.

or explanation on how to reorganize the dataset so that it can be usable for anomaly detection and
localization (Pinaya et al} 2021} |Rai et al.| 2021} [Wolleb et al.,|2022). As a result, a fair comparing
among these methods is difficult. Therefore, it is crucial to have standardized datasets and evaluation
metrics specifically tailored to this field. These resources facilitate comprehensive assessments and
the advancement of anomaly detection techniques for medical applications.

To address the aforementioned issues, we introduce a uniform and comprehensive evaluation bench-
mark, namely BMAD EL for assessing anomaly detection methods on medical images. This bench-
mark encompasses six well-reorganized datasets from five medical domains (i.e. brain MRI, liver
CT, retinal OCT, chest X-ray, and digital histopathology) and three key evaluation metrics, and in-
cludes a total of fifteen state-of-the-art (SOTA) AD algorithms. This standardized and well-curated
medical benchmark with the well-structured codebase enables comprehensive comparisons among
recently proposed anomaly detection methods. Afterward, we evaluate the fifteen SOTA algorithms
over the benchmarks and provides in-depth discussions on the results, which pinpoints potential
research directions in future. Our contributions in this work can be summarize as following:

* We constructed a unified and standardized benchmark that encompasses six benchmarks
from five common medical domains. Great efforts were taken to reorganize and adapt the
datasets to the unsupervised anomaly detection setting in computational medical imaging.

* We built a well-structure, easy-use codebase supporting 15 SOTA anomaly detection algo-
rithms and their evaluations.

* We comprehensively analyzed algorithms’ cons and pros on BMAD datasets. The ob-
servations and discussions would encourage researchers to develop better AD models for
medical data.

'A Creative Commons Attribution-NonCommercial-ShareAlike (CC BY-NC-SA) license is issued to
BMAD. This license complies with all the original dataset’s licenses.
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2 RELATED WORK

For unsupervised anomaly detection, the existing algorithms can be categorized into two paradigms:
data reconstruction-based approaches and feature embedding-based (or projection-based) ap-
proaches. The former typically compares the differences between the reconstructed data and the
original data in the data space to identify potential anomalies, while the latter infers anomalies by
analyzing the abstract representations in the embedding space.

2.1 RECONSTRUCTIONBASED METHODS

A reconstruction-based approach usually deploys a generative model for data reconstruction. It tar-
gets for small reconstruction residues for normal data, but large errors for anomalies. The distinction
in reconstruction errors forms the basis for anomaly detecAatoEncoder (AE) andVariational

AE have been the rst and most popular models for this purgose (Sakurada & Yairi,[2014; Zhou &
Paffenroth| 2017; Bergmann et|al., 2018; Sabokrou gt al.,|2018; Li et al., 2019; Gong et al., 2019;
Kascenas et al., 2022; Park et al., 2020; Hou et al., [2021; Zhou et al), 2021). Gaterative
Adversarial Networks (GANSs) are used to replace AE for its high-quality outgut (Sabokrou et al.,
2018; Perera et al., 2019; Schlegl et [al., 2017; Akcay kt al.,|2018; Schledl|et al., 2019; Yan et al.,
2021). Recently, there is a trend of exploitidiffusion modelsfor normal sample generation (Wy-

att et al.| 2022; Teng et al., 2022; Wolleb et [al., 2022). In addition to convolutional neural networks,
the transformer architecture is also explore in latest studies to build these generative models (You
et all, 2023} Jin et al., 2023; Lee & Kang, 2022; Chen ét al., 2022).

To improve AD performance, regularization strategies are incorporated into normal sample recon-
struction. Following the idea of denoising AE, Gaussian noise is added into normal samples for
a better normal data restoration performance (Cao |t al., 2016a;b; Kascenas et al., 2022). In the
masking mechanism, a normal sample is randomly masked and then inpainted back|(Li et al., 2020;
Zavrtanik et al.| 2021h; Yan et @al., 2021). Furthermore, many studies focus on synthesizing ab-
normalities on normal training samples and use the generative model to restore the original normal
version [(Zavrtanik et al., 202[lla; Deng & Li, 2022a; Tan ef al., 2022). Recently, the memory mecha-
nism is exploited to further constrain model's capability on reconstructing abnormal samples (Gong
et all,2019; Park et al., 2020; Hou et al., 2021; Zhou &t al., [2021).

2.2 PROJECTIONBASED METHODS

A projection-based method employs either a task-speci ¢ model or simply a pre-trained network
to map data into abstract representations in an embedding space, enhancing the distinguishability
between normal samples and anomalies.

One-class classi cationusually uses normal support vectors/samples to de ne a compact closed
one-class distribution. The one-class S\|{M (8&bpf et all, 2001) sought a kernel function to map

the training data onto a hyperplane in the high-dimensional feature space. Any samples not on this
hyperplane are considered anomalous samples. Similarly, support vector data description (Tax &
Duin, 2004), DeepSVDD (Ruff et al., 2018), and PatchSVDD (Yi & Yoon, 2020) aimed to nd a
hyper-sphere enclosing normal data using either kernel-based methods or self-supervised learning.

Teacher-student (T-S)architecture for knowledge distillation is a prevalent approach in AD re-
cently (Bergmann et al., 2020; Cao et al., 2022; Rudolph et al., 2023; Salehi et al., 2021; Yamada &
Hotta, 2021; Deng & Li, 2022b; Tien et al., 2023). Since the student network only learn represen-
tations of normal samples from the teacher, it may not follow the teacher's behavior for abnormal
cases. The representation discrepancy of the T-S pair forms the basis of anomaly detection.

Memory Bank is a mechanism of remembering numerical prototypes of the training date (Li et al.,
2021b; Defard et al., 2021; Roth et al., 2022; Lee et al., 2022). Then various algorithms such as
KNN or statistical modeling are used to determine the labels for queries.

Normalizing Flow is a method to explicitly model data distribution (Rezende & Mohamed, 2015).
For AD, a ow model maps normal features onto a complex invertible distribution. In inference, nor-
mal samples are naturally localized into the trained distribution range, while abnormal samples are
projected onto a separate distribution range (Yu et al., 2021; Rudolph et al., 2022; 2021; Gudovskiy
et al., 2022).
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Benchmarks Originations Total Train  Test Validation Sample sizeé Annotation Level
Brain MRI BraTS2021 (Baid et al., 2021) 11,298 slices| 7,500 3,715 83 240*240 |Segmentation mask
Liver CT |BTCV (Landman et al., 2015) + LiTs (Bilic et al., 20109)3,201 slices | 1,542 1,493 166 512*512 |Segmentation mask
Retinal OCT| RESC (Hu et al., 2019) 6,217 imageg 4,297 1,805 115 | 512*1,024 | Segmentation mask
OCT2017 (Kermany et al., 2018) 27,315 imagepg26,315 968 32 512*496 Image label
Chest X-ray| RSNA (Wang et al., 2017) 26,684 images 8,000 17,194 1,490 |1,024*1,024 Image label
Pathology Camelyon16 (Bejnordi et al., 2017) 7,321 patches 5,088 1,997 236 256*256 Image label

Table 1: Summary of the six benchmarks from ve imaging domains in BMAD.

3 BENCHMARKS, METRICS, AND ALGORITHMS

3.1 MEeDICAL AD BENCHMARKS

When constructing this benchmark, we had following considerations in dataset selection: diversity
of imaging modalities, diversity of source domains/organs, and license for data reorganization, remix
and redistribution. Speci cally, our BMAD includes six medical benchmarks from ve different
domains for medical anomaly detection. We summarize these benchmarks in Table 1. Within these
benchmarks, three supports pixel-level evaluation of anomaly detection, while the remaining three is
for sample-level assessment only. More details about the original benchmark datasets, their licenses,
and our efforts on data reorganization are provided in the Appendix A.

Brain MRI AD Benchmark. Magnetic Resonance Imaging (MRI) imaging is widely utilized in
brain tumor examination. The Brain MRI AD benchmark is reorganized using the air modality of
the latest large-scale brain lesion segmentation dataset, BraTS2021 (Baid et al., 2021). BraTS2021
is proposed for multimodal brain tumor segmentation. The original data comprises a collection of
the complete 3D volume of a patient's brain structure and corresponding brain tumor segmentation
annotation. To adapt the data to AD, we sliced both the brain scan and their annotation along the
axial plane. Only slides containing substantial brain structures, usually with a depth of 60-100, were
selected in this benchmark. Slices without brain tumor are labelled as normal. Then normal slices
from a subset of patients form the training set, and the rest are divided into validation and test sets.
To avoid data leakage in model evaluation, we leveraged the information of patient IDs for data
partition and ensured that data from the same patient was contained by one set only.

Liver CT AD Benchmark. Computed Tomography (CT) is commonly used for abdominal exami-
nation. We structure this benchmark from two distinct datasets, BTCV (Landman et al., 2015) and
Liver Tumor Segmentation (LiTs) set (Bilic et al., 2019). The anomaly-free BTCV set is initially
proposed for multi-organ segmentation on abdominal CTs and taken to constitute the train set in this
benchmark. CT scans in LiTs is exploited to form the evaluation and test data. For both datasets,
Houns eld-Unit (HU) of the 3D scans were transformed into grayscale with an abdominal window.
The scans were then cropped into 2D axial slices, and the liver regions were extracted based on the
provided segmentation annotations. Following conversion in prior arts (Dey, 2021; Li et al., 2022),
we further performed histogram equalization on each slide for image enhancement

Retinal OCT AD Benchmarks. Optical Coherence Tomography (OCT) is commonly used for
scanning ocular lesions in eye pathology. To cover a wide range of anomalies and evaluate
anomaly localization, we reorganize two benchmarks, Retinal Edema Segmentation Challenge
dataset (RESC) (Hu et al., 2019) and Retinal-OCT dataset (OCT2017) (Kermany et al., 2018).
RESC, originally published to segment retinal edema in retinal OCT, is reorganized for bench-
marking anomaly localization. The original training, validation, and test sets contain 70, 15, and
15 cases, respectively. Each case includes 128 slices, some of which suffer from retina edema. We
utilized the provided segmentation annotation to identify normal and abnormal samples. To avoid
data leakage, slices from the same subject only appear in either validation or test set. OCT2017 is a
large-scale classi cation dataset originally. Images are categorized into 4 classes: normal, Choroidal
Neovascularization, Diabetic Macular Edema, and Drusen Deposits. To construct this sample-level

2For completeness, we also provide a version of the liver benchmark without any data processing in BMAD.
This allow researchers to access both versions and make informed decisions based on their speci ¢ needs. For
reference, quantitative evaluation of the 15 AD algorithms on this dataset is provided in the Appendix D.



Under review as a conference paper at ICLR 2024

anomaly detection benchmark, we use the disease-free samples in the original OCT2017 training set
as our training data. For images in the original test set, images in the 3 diseased classes are labeled
as abnormal. Strati ed sampling is adopted to form the evaluation and test sets.

Chest X-ray AD Benchmark. X-ray imaging is widely used for examining the chest and provides
precise thoracic data. This original chest CT dataset is created for levering ML models for chest
X-Ray diagnosis (Wang et al., 2017). The lung images are associated with nine labels: Normal, At-
electasis, Cardiomegaly, Effusion, In ltration, Mass, Nodule, Pneumonia and Pneumothorax, which
covers the eight common thoracic diseases observed in chest X-rays. To reorganize the dataset
for anomaly detection, we labelled images in the abnormal categories as abnormal. We follow the
original datasheet and split the data into train, test, and validation sets for anomaly detection.

Histopathology AD Benchmark. Histopathology involves the microscopic examination of tis-

sue samples to study and diagnose diseases such as cancer. We utilize Camelyonl16 (Bejnordi
et al., 2017), a digital pathology imaging breast cancer metastasis detection dataset, to build the
histopathology benchmark. Camelyon16 contains 400 40x whole-slide images (WSIs) stained with
hematoxylin and eosin, accompanied by multiple versions in a lower magni cation. Annotations of
metastasis on WSiIs are provided. Considering their unique characteristics of WSI such as large size,
we follow convention in prior arts (Li & Ping, 2018; Tian et al., 2019; He & Li, 2023) and opted to
assess AD models at the patch level in 40X. Speci cally, we randomly cropped 5,088 normal patches
from the 160 normal WSIs in the original training set of Camelyon16, forming the training samples

in the benchmark. For the validation set, we cropped 100 normal and 100 abnormal patches from
the 13 validation WSIs. Similarly, for testing, 1k normal and 1k abnormal patches were cropped
from the 115 testing WSIs from the original Camelyon16 dataset.

Ethical and fairness concerns in data Among the 7 original datasets used to construct BMAD,
RESC was collected in China, the rests from advanced countries including America, Germany, Dan-
mark, etc. This gives rise to inherent geographical and sampling biases, which inevitably exerts
some impact on the evaluation outcomes.

3.2 BVALUATION METRICS

Anomaly detection can be evaluated from the sample level (i.e., detection rate) and the pixel level
(i.e., anomaly localization). In BMAD, we take the area under the ROC curve (AUROC) as the
major metric to quantify the sample-level and pixel-level performance. It quanti es the trade-off
between True Positive Rate (TPR) and False Positive Rate (FPR) across different decision thresh-
olds. Forsample-level AUROGC anomaly score is calculated based on the speci ¢ algorithm design
and different thresholds are applied to determine if a sample is normal or abnormal. The obtained
TPR and FPR pairs are recorded for estimating the ROC curve and AUROC value. To calculate the
pixel-level AUROC, different thresholds are applied to the anomaly map. If a pixel has an anomaly
score greater than the threshold, the pixel is anomalous. Over an entire image, the corresponding
TPR and FPR pairs are used for numerical calculation.

Note that AUROC has limitations to evaluate samll tumor localization, as incorrect localization of
smaller defect regions has a minimal impact on the metric. To address this issue, we follow prior
arts (Bergmann et al., 2019; Deng & Li, 2022b; Tien et al., 2023) and include another threshold-
independent metriqyer-region overlap (PRO), for anomaly localization evaluation. PRO treats
anomaly regions of different size equally, up-weighting the in uence of small-size abnormality lo-
calization in evaluation. Speci cally, for each threshold, detected anomalous pixels are grouped into
connected components and then PRO averages localization accuracy over all components.

Remark: DICE coef cient sometimes is explored in medical anomaly detection. However, as we
stated in the Appendix D, DICE coef cient is a threshold-dependent metric. The threshold's optimal
value varies depending on algorithms and speci c tasks. Therefore, we opted not to include the
DICE comparison in the main benchmark. Instead, we reported the DICE values of the 15 algorithms
in the Appendix D for reference.

3.3 SUPPORTEDAD ALGORITHMS

BMAD integrates fteen SOTA anomaly detection algorithms, among which four are
reconstruction-based methods and the rest eleven are feature embedding-based approaches. Among
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the reconstruction-based methods0GAN (Schlegl et al., 2017) andAnoGAN (Schlegl et al.,

2019) exploit the GAN architecture to generate normal samplBAEM (Zavrtanik et al., 2021a)

adopts an encoder-decoder architecture for abnormality inpainting. Then a binary classi er takes
the original data and the inpainting result as input for anomaly identi catibFRAD (Chen et al.,
2022)treated the deep pre-trained features as dispersed word tokens and construct an autoencoder
with transformer blocks. Among the projection-based methB#gpSVDD (Ruff et al., 2018),
CutPaste(Li et al., 2021a) andimpleNet (Liu et al., 2023) are rooted in one-class classi cation.
DeepSVDD searches a smallest hyper-sphere to enclose all normal embeddings extraced from a
pre-tarined model. CutPaste and SimpleNet introduce abnormality synthesis algorithms to extend
the one-class classi cation, where generated abnormality synthesis is taken as negative samples in
model training. Motivated by the paradigm of knowledge distillatiblikD (Salehi et al., 2021)
andSTFPM (Yamada & Hotta, 2021) leverage multi-scale feature discrepancy between the teacher-
student pair for AD. Instead of adopting the similar backbones for the T-S pair in knowledge distil-
lation, RD4AD (Deng & Li, 2022b) introduced a novel architecture consisting of a teacher encoder
and a student decoder, which signi cantly enlarges the representation dissimilarity for anomaly sam-
ples. All of PaDiM (Defard et al., 2021 RatchCore (Roth et al., 2022) an@FA (Lee et al., 2022)

rely on a memory bank to store normal prototypes. Speci cally, PaDiM utilizes a pre-trained model
for feature extraction and models the obtained features using a Gaussion distribution. PatchCore
leverages core-set sampling to construct a memory bank and adopts the nearest neighbor search to
vote for a normal or abnormal prediction. CFA improves upon PatchCore by creating the memory
bank based on the distribution of image features on a hyper-sphere. As notable from the name,
CFlow (Gudovskiy et al., 2022) an@S-Flow (Rudolph et al., 2022) are ow-based methods. The
former introduced positional encoding in conjunction with a normalizing ow module and the latter
incorporates multi-scale features for distribution estimation.

4 EXPERIMENTS ANDDISCUSSIONS

4.1 IMPLEMENTATION DETAILS

When evaluating the fteen AD algorithms over the BMAD benchmarks, we follow their origi-

nal papers and try their default hyper-parameter settings rst. If a model doesn't converge during
training and requires hyper-parameter tuning, we try the combination of following common settings,
which include 3 learning ratd 0 2,10 4 and10 °), 2 optimizer (SGD and Adam), and 3 thresholds

for anomaly maps (0.5, 0.6, and G:7[For each converged model, we monitor the training progress
and record the validation accuracy every 10 epochs. The nal evaluation is carried out on the test
set using the best checkpoint selected by the validation sets. To visualize anomaly localization re-
sults, we employ min-max normalization on the obtained anomaly maps. This ensures the effects of
all algorithms appropriately displayed and facilitates the comparison of anomaly localization across
different methods. Notably, for a reliable comparison, we repeat the training and evaluation ve
times, each with a different random seed, and report the mean and standard deviation of the numeri-
cal metrics. In this study, all experiments are performed on a workstation with 2 NVIDIA RTX 3090
GPU cards.

4,2 RESULTS ANDDISCUSSIONS

Experimental result overview. The numerical results of anomaly detection and localization over

the BMAD benchmark are summarized in Table 2, where the top three performance along each
metric are highlighted by underlining. We also provide visualization examples of anomaly local-
ization results in Fig. 2, where redness corresponds to a high anomaly score at the pixel level.
Although no single algorithm consistently outperforms others, overall, the feature-based methods
shows better performance than the reconstruction-based methods. We believe that two reasons may
lead to this observation. First, applying generative models to anomaly detection usually relies on
model's reconstruction residue in the pixel level. However, a well-trained generative model usu-
ally has good generalizability and it has been found in prior arts that certain anomalous regions
can be well reconstructed. This issue hurts anomaly detection performance. Second, reconstruction
residue in the pixel level may not well re ect the high-level, context abnormalities. In contrast, al-
gorithms detecting abnormalities from the latent representation domain (such as RD4AD (Deng &

3Please refer to the Appendix B for the speci ¢ hyper-parameter setting for each algorithm.
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Benchmarks BraTS2021 H BTCV +LiTs RESC ‘ 0CT2017 ‘ RSNA ‘Camelyonls
Image Pixel Pixel Image Pixel Pixel Image Pixel Pixel Image Image Image
AUROC AUROC Pro AUROC AUROC Pro AUROC AUROC Pro AUROC AUROC AUROC

Image Reconstruction-based Methods

f-AnoGAN (Schlegl et al., 2019)7726 0:18 NA NA 5853 021 NA NA 7742 085 NA NA 7342 185 5515 009 6949 198

GANomaly (Akcay et al., 2018) 7479 1:.93 NA NA 5460 3.06 NA NA 5256 395 NA NA 7047 998 6200 065 5444 257

DRAEM (Zavrtanik et al., 2021ap235 9:.03 829 407 6376 416 695 3868745 323 7929 566 8322 821 8679 314 6355 462 8803 836 6770 172 5235 077
UTRAD (Chenetal.,, 2022) 8292 232 9261 0:67 729 212 5581 566 8788 1:32 7112 346 899 1:.92 9454 124 7749 430 9678 056 7564 124 6996 464

Image Feature-based methods
DeepSVDD (Ruff etal., 2018) 8698 0:66 NA NA 5396 1:84 NA NA 7417 129 NA NA 7676 1:37 6448 317 6098 1:82
CutPaste (Lietal.,, 2021a) 7881 0:67 NA NA 5933 4:86 NA NA 9023 0:61 NA NA 9676 062 8261 122 7518 041
SimpleNet (Liuetal., 2023) 8252 334 9476 1.04 7838 317 728 2689751 056 9107 179 7615 7.46 7714 476 4907 523 9468 217 6912 127 6238 371

MKD (Salehietal., 2021) 8147 0:36 8%44 0:24 6759 099 6072 119 9606 0279108 0:30 8900 025 8674 0:65 6617 151 9674 026 8201 0:12 7754 0.27

RD4AD (Deng & Li, 2022b) 8945 0:91 9645 0:17 8586 0:23 6038 1:17 9601 1:19 9029 251 8777 0.87 9618 0:15 8562 047 9730 079 6763 111 6681 071

STFPM (Yamada & Hotta, 2021)8304 0:67 9%62 0:12 8302 0:44 6175 158 9118 552 9062 6:87 8482 0.50 9468 057 8127 149 9676 023 7293 196 6636 101

by

PaDiM (Defard etal., 2021) 7902 0:38 9437 103 7641 084 5078 0:61 9094 0:84 7679 041 7587 054 9144 042 7168 081 9175 096 7749 187 6725 032
PatchCore (Roth et al., 2022) 9165 0:36 9697 0:04 8568 0:24 6028 0:76 9843 0:19 8775 (:49 9155 0.1
CFA (Leeetal,, 2022) 8438 0:87 9633 0:14 8378 0:51 6200 1089724 0:14 9275 0:21 6990 026 9110 0:87 6977 041 7947 056 6683 023 6564 010

CFLOW (Gudovskiy et al., 2022y482 532 9376 067 7545 353 5080 4:47 9241 1:16 8311 128 7495 581 9378 057 7680 172 8535 211 7153 149 5%6 197

5]

9648 010 8584 0259857 003 7614 0:67 694 021

CS-Flow (Rudolph et al., 2022)9091 0:83 NA NA 5337 054 NA NA 8734 0:58 NA NA 9847 0:28 8320 (46 6838 0:42

Table 2: AD performance (mean+STD) comparison over the benchmarks in BMAD. The results
are obtained from ve repetitions of the experiment. NA indicates that a method doesn't support
anomaly localization. The top three methods for each metric are underlined.

Li, 2022b), PatchCore (Roth et al., 2022), etc.) facilitate identifying abstract structural anomalies.
Therefore, these algorithms perform much better than the generative models. It should be noted
that for benchmarks like Liver CT and Brain MRI, where the background consists mostly of black
pixels and the distribution of normal and anomalous samples is imbalanced, the numerical results
exist bias. Therefore, a high pixel-level AUROC score may indicate that the model correctly clas-

si es the majority of normal pixels, but it does not necessarily re ect the model's ability to detect
anomalies accurately. Besides, we have several interesting observations through this research that
necessitate careful analysis in order to advance the eld of medical anomaly detection. We elaborate
our insights and discoveries as follows.

Anomaly localization analysis. Since different approaches generate the anomaly map in various
ways, either relying on reconstruction error (Deng & Li, 2022b; Wang et al., 2021; Zavrtanik et al.,
2021a; Chen et al., 2022), using gradient-based visualization (Salehi et al., 2021; Roth et al., 2022),
or measuring feature discrepancy (Defard et al., 2021; Gudovskiy et al., 2022; Lee et al., 2022),
they shows distinct advantages and limitations. Generally speaking, both numerical data in Table 1
and the visualization results in Fig. 2 demonstrate that knowledge-distillation methods, especially
RD4AD (Deng & Li, 2022b), achieve better localization performance. Although memory bank-
based algorithm, Patchcore (Roth et al., 2022), is more convincing at sample-level detection, its ab-
normality localization is very coarse. Reconstruction-based algorithms, DRAEM (Zavrtanik et al.,
2021a) and UTRAD (Chen et al., 2022), shows diverse performance. We hypothesize their distinct
capability of anomaly localization is attributed to the different architecture of CNN and transformer.
We notice that DRAEM (Zavrtanik et al., 2021a) is particularly sensitive to texture information,
often focusing on regions with signi cant variations in tumor texture. Since such variations may be
distributed across all regions in medical imaging, it partially limits the effectiveness of the proposed
approach. CFlow (Gudovskiy et al., 2022) shows bad anomaly localization performance and more
investigation is needed for its improvement.

Model ef ciency analysis. For all fteen algorithms in BMAD, we conduct a comparative ef -
ciency analysis, in terms of sample-level AD accuracy, inference speed and GPU usage. The results
are summarized in Fig 3, where the X-axis refers to the inference time per image and Y-axis de-
notes the performance of the anomaly detection result. The size of the circle denotes the GPU
memory consumption during the inference phase. PatchCore (Roth et al., 2022), RD4AD (Deng &
Li, 2022b), and CS-FLOW (Rudolph et al., 2022) emerge as the top 3 models across multiple bench-
marks in terms of performance. It should be noted that though CS-Flow demonstrates comparable
inference time to the other two models, it has lower ef ciency to generate pixel-lever anomaly maps.
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