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Abstract

This paper presents MIAS-SAM, a novel approach for the segmentation of anoma-
lous regions in medical images. MIAS-SAM uses a patch-based memory bank to store
relevant image features, which are extracted from normal data using the SAM encoder.
At inference time, the embedding patches extracted from the SAM encoder are compared
with those in the memory bank to obtain the anomaly map. Finally, MIAS-SAM com-
putes the center of gravity of the anomaly map to prompt the SAM decoder, obtaining
an accurate segmentation from the previously extracted features. Differently from prior
works, MIAS-SAM does not require to define a threshold value to obtain the segmenta-
tion from the anomaly map. Experimental results conducted on three publicly available
datasets, each with a different imaging modality (Brain MRI, Liver CT, and Retina OCT)
show accurate anomaly segmentation capabilities measured using DICE score. The code
is available at: https://github.com/warpcut/MIAS-SAM

1 Introduction

In recent years, there has been growing interest in the application of anomaly detection tech-
niques for the specific purpose of segmenting anomalous regions [8, 27]. This approach is
particularly relevant in the medical domain since manual annotation of anomalous regions re-
quires expert domain knowledge, and is also time-consuming which makes it impractical for
large-scale datasets. Indeed, traditional supervised segmentation approaches require medical
practitioners to annotate pixel-level anomaly masks. Instead unsupervised anomaly segmen-
tation methods automatically identify potential anomalous regions in the images by learning
from non-anomalous samples only [3, 6].

Existing methods that employ anomaly detection techniques for segmentation typically
compute the anomalous region by thresholding the anomaly map [2, 5, 27]. In such cases, the
threshold should be ideally selected using a validation set to ensure consistency and accuracy.
However, in unsupervised anomaly detection settings, such a validation set is usually not
available. As a consequence, thresholds are often chosen arbitrarily (e.g., a fixed value of
0.5), and this can result in suboptimal choices leading to imprecise segmentation, particularly
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around object borders, where anomalies may blend into normal regions [2]. An alternative
solution is to use post-hoc optimization, such as selecting the threshold value that maximizes
the DICE metric on test data, thus representing an upper bound for the results but possibly
not the actual performance that could be obtained in real-world applications [4, 6, 10, 27].

To address the above problems, this paper presents MIAS-SAM (Medical Image Anomaly
Segmentation with SAM), a feature-level anomaly segmentation technique that does not rely
on a threshold value to compute the anomaly segmentation. For anomaly map generation,
MIAS-SAM uses a memory bank to store patch embeddings [29] extracted from a ViT en-
coder [12] from the train data, and subsequently compares them with the ones obtained from
test data. To compute the segmentation, MIAS-SAM computes the anomaly map center of
gravity and uses it, together with the previously extracted embeddings, as a point prompt for
the SAM decoder.

MIAS-SAM has three main advantages over existing techniques. First, unlike other SAM-
based anomaly segmentation methods that use multimodal text-vison models [22], MIAS-
SAM automatically computes the point prompt, and therefore does not require a textual
prompt. Using a textual prompt would require prompt-engineering, a procedure that would
need to be be repeated for each dataset [24]. Second, unlike many previous techniques,
MIAS-SAM does not rely on a threshold value to compute the anomaly segmentation from
the anomaly map. Third, MIAS-SAM produces precise segmentations, as demonstrated by
the experimental results conducted on three public datasets.

Our contribution can be summarized as follows.

e We present a solution to extend patch based anomaly detection techniques to use SAM
ViT encoder.

e We propose using the center of gravity of the anomaly map as prompt, removing the
need for a segmentation threshold and for a textual prompt.

o We evaluate MIAS-SAM on three benchmark datasets, each for a different imaging
modality (Brain MRI, Liver CT and Retina OCT). We show that, against SOTA ap-
proaches, MIAS-SAM improves the segmentation accuracy in two of the three datasets.

2 Related work

Unsupervised anomaly detection approaches fall into three main categories: reconstruction,
synthesizing, and embedding. Reconstruction-based methods rely on models trained to re-
construct normal data, detecting anomalies when reconstruction error is high [3]. Methods
based on synthesizing generate synthetic anomalies on normal images to model the anoma-
lous behavior of the data and train a discriminator to differentiate between the two [21].
Embedding-based methods learn feature representations, distinguishing normal from anoma-
lous patterns within the latent space. These approaches have recently garnered significant
attention, particularly due to their ability to leverage pre-trained models for extracting gener-
alizable features, as anomalies may reside in the feature space [15, 25]. For this reason, the
technique proposed in this paper adopts this approach.

Embedding based. An example of embedding-based technique that we extend in this work
is PatchCore [29] that generates patches of normal features and creates a memory bank that
characterizes normal patterns. Then, it measures the similarity between the patched features
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extracted from an image in the test-set with the stored ones, using similarity as the anomaly
measure. In this paper, we compare our proposed solution with the following embedding-
based techniques. CFA [20] facilitates transfer learning by adapting patch representations to
the target dataset and then creates a memory bank to compute the patches similarity. Sim-
pleNet [25] combines synthetic and embedding-based method by generating anomalous fea-
tures adding noise to the embedding extracted from a frozen pre-trained encoder and training
a discriminator to identify the anomalous features. RD4AD [11] and ReContrast [15] focus
on reconstructing the features extracted from a pre-trained encoder, and using the similarity
of the reconstructions as anomaly scores. Finally, CFlow-AD [14] learns to convert the nor-
mal feature distribution into a Gaussian distribution using normalizing flows, then anomaly
scores are assigned based on their distance from the distribution mean.

Foundational models. A recent approach to anomaly detection for segmentation leverages
promptable foundational vision models such as SAM [18] and multimodal text-vision models
such as CLIP [28]. This approach focuses on the models’ zero-shot capabilities and their abil-
ity to produce robust and transferable feature representations. Such approaches rely on the
ability of the text encoder to extract embeddings that are aligned with the image features. The
problem is that these text encoders are strictly dependent from the textual prompt that thus
needs to be carefully engineered. This can be achieved either via specific knowledge of the
target domain [8], complex prompt templates [17], or prompt learning [9, 23]. These contri-
butions partially address the problem of prompt engineering, and at least a part of the textual
prompt needs to be manually defined for each type of data (e.g., “bottle with defect”, “bot-
tle with crack™). Zero-shot anomaly detection has also been applied in the medical domain
with PPAD [30] that relies on CLIP and adds learnable text and image prompts to bridge the
gap between pre-training data and medical image data. Another technique is ClipSAM [22]
which first extracts anomaly proposals using CLIP, and then applies a threshold value to the
anomaly map to extract a bounding box, which is finally used to prompt SAM thus obtaining
the anomaly segmentation.

Our approach is also based on SAM, but differs from other SAM-based methods such as
ClipSAM [22] and SAA+ [8], in the way it generates segmentation prompts. Specifically, our
approach does not rely on textual prompt engineering which is a central component in all the
aforementioned techniques. Textual prompt engineering presents various constraints [24]:
1) its effectiveness is strictly related to the quality of the specific prompts, 2) it requires in-
volvement of domain experts for the specific data, and 3) the procedure should be repeated
for each dataset. For these reasons, we do not experimentally compare MIAS-SAM with the
solutions based on textual-prompt.

Another relevant difference between MIAS-SAM and the anomaly segmentation tech-
niques described in this section is that MIAS-SAM does not require to define a threshold
value to compute the anomaly segmentation from the anomaly map.

3 Method: MIAS-SAM

3.1 Problem formulation

In this work we address the problem of unsupervised anomaly segmentation in which X, ,;,
is a set of normal images forming the training set and D = (X,,,,Y, Z) is the test set, where

X,os 18 @ set of normal or anomalous images, Y : X,,,; = [0, 1] is a function representing
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the ground-truth annotations such that, for each image x € X,,;, Y (x) = 0 if x is normal and
Y (x) = 1 if x is anomalous. Finally, Z is a function that, for each image x € X,,;, returns the
ground truth segmentation mask, that is, a binary image having the same dimensions as x.
Each pixel p of Z(x) has value 1 if the corresponding pixel in x is anomalous, O otherwise.
Note that, given a normal image x € X, all pixels in Z(x) have value zero. The objective,
given an image x € X,,;, is to predict, for each pixel p € x, whether p is anomalous.

Fig. 1 shows the overall architecture of our method. It is composed of two main phases
(embedding extraction and anomaly segmentation) and four main components (the SAM en-
coder f,, a memory bank M, the SAM prompt encoder and the SAM decoder).

Training phase Anomaly segmentation phase

Train Test Anomaly
dataset dataset segmentation
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Figure 1: Overview of the MIAS-SAM methodology. First, image embeddings are ex-
tracted using the SAM encoder and patches are extracted and stored in a memory bank. At
test time, images are encoded, and anomaly map are generated based on patch-wise distances.
The anomaly maps are then used to compute a spatial prompts, which guide the decoder in
segmenting the anomalous region.

3.2 Embedding extraction phase

In the embedding extraction phase, the SAM encoder takes in input an image and generates
its embeddings e;,,,,. Unlike PatchCore [29], which uses a ResNet-based encoder and requires
multi-layer features to preserve both high-level semantics and fine details, MIAS-SAM ex-
tracts features solely from the last layer of the ViT encoder that is pre-trained with masked
autoencoders on a large dataset [18]. This simplifies the architecture while maintaining both
local and global context, thanks to the ViT’s attention-based modeling [12]. The extracted
embeddings are of shape 256 X 64 x 64.

The embeddings are then processed with the patching function P that generates patches
with size 5X 5 and a stride of 2. The patches are stored in the memory bank and indexed
with Faiss [13]. At the end of the training process, the memory bank contains all the patches
obtained from the embeddings of all images in the training set.

X train

M= | J P(fo(x)) ey

i=0
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3.3 Anomaly segmentation phase

In the anomaly segmentation phase each image in the test set is processed by the same
encoder used in the embedding extraction phase. The resulting embeddings are then patched
with P. Similarly to PatchCore [29], each resulting patch p is assigned an anomaly score by
computing the maximum distance of p from its nearest neighbor patches in the memory bank
M. The anomaly map is then generated by interpolating each patch to its original location.

Starting from the anomaly map, the SAM prompt encoder generates dense and sparse
embeddings. The dense embeddings are obtained directly from the anomaly map. Instead, to
generate the sparse embeddings, MIAS-SAM first computes the weighted center of gravity
(x,,¥,) of the anomaly map as follows.

IS I EY () D D YN RV (M) 4
= ’yC =
H w .. H w ..
Zici 2o TG PISED IR ()

where H and W are the height and width of the anomaly map, respectively, I(i, j) represents
the intensity value in the anomaly map at pixel (i, ), and y is a weighting factor that em-
phasizes higher-intensity pixels, whose value was set to 5 in the experiments reducing noise
from background pixels. Then, the SAM prompt encoder extracts the positional embeddings
from the center of gravity.

To generate the anomaly segmentation MIAS-SAM first sums the dense embeddings with
the image embeddings previously computed by the encoder. The resulting embeddings are fed
to the SAM decoder together with the sparse embeddings. The decoder then generates three
different predictions that represent three levels of depth in the proposed segmentation, from
the coarser (whole) to the finest (sub-part) [18]. Among the three hierarchical outputs from
the SAM decoder, we empirically found that the third mask aligns with the finest granularity
of anomalies (see Section 4.4).

(@)

Xe

4 Experimental evaluation

We compared MIAS-SAM with six state-of-the-art embedding-based anomaly detection ap-
proaches, using th methodology is described in Section 4.1. The evaluation was performed on
three benchmark datasets (described in Section 4.2), each based on a different medical imag-
ing modality. The results, described in Section 4.3, compare the models’ ability to identify
the anomaly, and to compute the anomaly map and the anomaly segmentation.

4.1 Evaluation methodology

Implementation details. We use the Segment Anything Model (SAM) [18] with the ViT-
B [12] backbone as our base segmentation model, which was pretrained on a large and diverse
dataset of over 11 million natural images with more than 1 billion segmentation masks. The
images are first rescaled to a fixed resolution of 1024x1024 to fit the expected input of SAM
and then normalized between [0,1]. Experiments were run on an NVIDIA GPU A100 with
80GB memory. The system is implemented in Python 3.10.12 using PyTorch 2.0.1.

Baselines. We compared the performance of MIAS-SAM with 6 state of the art anomaly
detection techniques based on embeddings: RD4AD [11], PatchCore [29], CFA [20], CFlow-
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AD [14], SimpleNet [25] and ReContrast [15]. For the first five techniques we use the results
reported in the benchmark comparison by Bao et al. [2]. Note that the benchmark comparison
uses a threshold of 0.5 on the anomaly map to obtain the anomaly segmentation results. For
ReContrast [15] (which is not included in the benchmark comparison), we run the technique
on the selected datasets. Also in this case, we adopt a fixed threshold of 0.5 on the anomaly
map. This ensures a consistent and unbiased comparison across methods.

Evaluation metrics. We used the following metrics to evaluate the various methods:

e Pixel-level AUROC (P-AUROC): measures the model ability to localize anomalies by
distinguishing anomalous and normal pixels in the anomaly map.

o DICE score: evaluates anomaly segmentation accuracy by measuring the overlap be-
tween predicted and ground truth anomaly regions.

4.2 Datasets

The datasets were made available by Bao et al [2] and they are specifically designed for the
anomaly detection task in the medical domain. Among the six available datasets, we selected
those having ground truth anomaly segmentation masks. Each dataset contains a training set
of non-anomalous images, and a test set with both anomalous and non-anomalous images.
The datasets are based on imaging techniques that generate 3D representations of the body
part that are then sliced to generate 2D images.

The Brain MRI dataset is based on the BraTS2021 dataset [1]. Magnetic resonance
imaging (MRI) uses strong magnetic fields and radio waves to form 3D volumes of organs in
the body. The training set is composed of 7,500 slices of normal brain MRIs while the test
set is composed of 3715 slices of brains with tumors, along with their segmentation masks.
Note that the anomalies are visible in a subset of the slices (3075).

The Liver CT dataset is obtained by combining BTCV [7] and LiTs [19] datasets and
extracting liver regions only. Computed tomography (CT) uses X-rays and computational
processing to generate the body’s internal structures. The former dataset (BTCV [7]) does
not contain anomalies, hence its 1,542 slices were used for training, while 1,493 slices of the
latter dataset (LiTs [19]) were used for testing, 660 of which contain an anomaly.

The Retina OCT dataset was generated from the RESC dataset [16] of OCT images.
Optical Coherence Tomography (OCT) is non-invasive, and it uses low-coherence light to
generate high-resolution images of biological tissues. The dataset contains both normal im-
ages and those in which retinal edema is visible. The training set is composed of 4,297 normal
images while the test set is composed of 764 anomalous samples and 1805 normal ones.

4.3 Results

Table 1 shows results of the quantitative comparison. Considering the P-AUROC, there is not
a single technique that outperforms the others in all three datasets. Specifically, MIAS-SAM
is the best-performing model on the Retina OCT dataset, obtaining a score of 99.76 and an
improvement of 1.84% over the second best model (ReContrast). For the Liver CT dataset
MIAS-SAM had the second best result, with a score of 97.56, losing 0.47% with respect to
ReContrast. For the Brain MRI dataset, MIAS-SAM had the third best result, with a score of
96.35 and a loss of 0.64% with respect to PatchCore. We also highlight that in all the datasets
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Method Brain MRI Liver CT Retina OCT
P-AUROC DICE P-AUROC DICE P-AUROC DICE
RD4AD (CVPR22) 96.45 28.28 96.01 10.72 96.18 3351
PatchCore (CVPR22) 96.97 32.82 96.43 10.49 96.48 57.04
CFA (Access22) 96.33 3022 97.24 14.93 91.10 36.57
CFlow-AD (WACV22) | 93.76 19.50 9241 7.58 93.78 44.83
SimpleNet (CVPR23) 94.76 28.96 9751 12.26 77.14 3028
ReContrast (NiPS23) 95.64 12.57 98.02 15.03 97.96 25.02
MIAS-SAM (Ours) | 9635  37.04 | 9756  42.85 | 9976  5121v~11%

Table 1: MIAS-SAM anomaly segmentation performance compared to baselines on brain,
liver and retina datasets. Best results are reported in bold, second-best are underlined.

the variability in the scores is limited (stdev = [1.04 : 7.05]). This confirms the previous
findings that question the ability of the P~AUROC metric to robustly assess the quality of the
segmentation techniques, suggesting to favour the DICE score metric instead [27].

Considering the DICE score metric, MIAS-SAM performs as the best technique in two
datasets and as the second-best in the third one. In particular, MIAS-SAM shows a gain of
4.2 points (+13%) with respect to the second-best in the Brain MRI dataset, and an increase
of 27.8 points (+185%) on the Liver CT dataset. Instead, in Retina OCT datasets MIAS-
SAM is second-best performing model with a decrease of 5.8 points (—11%) with respect to
PatchCore, which is the best-performing.

Fig. 2 shows three examples from each dataset. Each example includes the original im-
age with the computed center of gravity (the red dot), the ground truth anomaly segmentation
mask, the anomaly map computed by MIAS-SAM, and the predictions of the first and third
masks returned by the SAM decoder. The computed center of gravity is represented as a
red point in the original image. Considering the first two rows (Brain MRI and Liver CT)
we observe that, in the considered examples, the center of mass is within the ground truth
anomaly segmentation and that the third mask (last column in the image) correctly segments
the anomaly. The example is the last row can provide insights on why MIAS-SAM under-
performs in the Retina OCT dataset. First, we can observe that the ground truth reports two
segmented areas, where the white represents the anomaly area and the gray one is actual reti-
nal edema. In accordance with the work of Bao et al. [2], we considered the white area as the
ground truth (note, the white area is reported in all images, while the gray area is reported in
some images only). However, in some cases (as the one shown in Fig. 2) the segmentation
provided by MIAS-SAM extracts only the presence of liquid inside the retina, represented in
gray in the ground truth. Second, there is no visual boundary differentiating the anomalous
(white) region from the non-anomalous one, thus making it difficult for the SAM decoder to
identify the target area.

4.4 Ablation studies

Effect of Mask Selection on Segmentation Performance. During the evaluation, we also
compared the performance on MIAS-SAM with the three masks returned by the SAM de-
coder. Table 2 shows that the proposed technique always performs better with the last mask.
As described in the original SAM paper [18], each mask represents a different level of depth
in the object. We noticed that using point prompt the first mask often represents the whole
anatomical area (e.g., the brain segmentation from the background), the second one a more
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Figure 2: Qualitative results of MIAS-SAM. Each row corresponds to a different dataset:
brain (top), liver (middle), and retina (bottom). The first column shows the input image, the
second the generated anomaly map, the third the first segmentation mask, and the fourth the
third segmentation mask, that best captures the anomaly.

Mask # | Brain MRI Liver CT Retina OCT

1 23.61 15.05 26.08
2 32.65 25.32 48.06
3 37.06 42.85 51.21

Table 2: Results for different mask generated by SAM decoder (DICE).

specific image area (e.g., half the brain), and the third the actual anomaly (e.g., brain tumor).

Effect of prompt. We compare MIAS-SAM with two alternative ways for computing the
encoder prompt: 1) the point with maximum anomaly value and 2) the bounding box of the
anomalous region. With the maximum anomaly approach, the prompt consist of a single point
that has the maximum anomaly value in the anomaly map. In the bounding box approach,
the anomaly map is first binarized with a fixed threshold of 0.5 and then the bounding box
of the resulting area is used as the prompt. If multiple disconnected regions are identified, a
separate bounding box is computed for each blob and individually provided as input to the
prompt encoder.

Table 3 shows the results for the ablation study comparing how the three ways of com-
puting the prompt impact the DICE score (note that the P-AUROC does not change, as it is
computed on the anomaly map). The solution based on the center of gravity outperforms
the bounding box approach on the Brain and Liver datasets. A possible motivation is that
the fixed threshold used in the bounding box approach can be sub-optimal, as discussed in
Section 1. In contrast, using the bounding box yields better results on the Retina dataset,
thus supporting the motivation provided in Section 4.3. Interestingly, for this dataset, the
bounding box approach outperforms the baselines. Table 3 also shows that using the max-
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Method | Prompt type | Brain MRI Liver CT Retina OCT
Thresholding Bounding box 15.93 14.81 65.80
Maximum anomaly Point 31.54 42.70 38.11
Center of Gravity (ours) Point 37.06 42.85 51.21

Table 3: DICE score results for different ways of generating the SAM prompt.

imum anomaly as prompt result in worse performance. A possible motivation is that the
highest-scoring pixel often lies at the boundary of the anomalous region, which can reduce
the model’s ability to accurately determine whether the prompt corresponds to the anomaly
itself or the surrounding context. In contrast, using the center of gravity provides a more reli-
able point prompt, as it is consistently located within the core of the anomalous region. This
central positioning offers a more representative and unambiguous cue to the model, leading
to improved segmentation performance.

5 Conclusion

This paper presents Medical Image Anomaly Segmentation with SAM (MIAS-SAM), which
is an embeddings-based anomaly segmentation technique. MIAS-SAM adopts an innovative
pipeline, which includes a novel prompt generation approach, to extract accurate anomaly
segmentations through SAM. MIAS-SAM does not require to threshold the anomaly map to
segment the images, hence addressing a common problem in many existing anomaly detec-
tion techniques. Furthermore, it does not require to perform dataset-specific textual prompt-
engineering which is the current standard when using foundational models for the anomaly
segmentation task. The experiments, conducted on three benchmark datasets, each with a
different imaging modality (Brain MRI, Liver CT and Retina OCT), show that MIAS-SAM
outperforms other techniques on two datasets and achieves state of the art performance on
the third one. Our approach is the first to generate anomaly maps from SAM encoder embed-
dings and to use them as point-prompts for guiding the anomaly segmentation. The increased
performance demonstrates the potential of this strategy.

Future work will further aim at improving the approach used to obtain the anomaly map,
with the goal of obtaining better prompts and improving the resulting segmentation accuracy.
Another possible improvement would be to use foundation models specifically designed for
medical images. We experimented with MedSAM [26] that, however, resulted in lower per-
formance. Another possible improvement is to use negative point prompts to indicate which
areas of the image should be considered as background, thus possibly increasing the quality
of the segmentations.

Acknowledgements

This project was partially supported by TEMPO — Tight control of treatment efficacy with
tElemedicine for an improved Management of Patients with hemOphilia project, funded by
the Italian Ministry of University and Research, Progetti di Ricerca di Rilevante Interesse
Nazionale (PRIN) Bando 2022 - grant [2022PKTW?2B]. This project was also partially sup-
ported by Sobi, Bayer and Roche that provided unrestricted grants to the Angelo Bianchi
Bonomi Foundation (JoinMi project).


Citation
Citation
{Ma, He, Li, Han, You, and Wang} 2024


10

MARCO COLUSSI, DRAGAN AHMETOVIC, SERGIO MASCETTI: MIAS-SAM

References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

Ujjwal Baid, Satyam Ghodasara, Suyash Mohan, Michel Bilello, Evan Calabrese, Errol
Colak, Keyvan Farahani, Jayashree Kalpathy-Cramer, Felipe C Kitamura, Sarthak Pati,
et al. The rsna-asnr-miccai brats 2021 benchmark on brain tumor segmentation and
radiogenomic classification. arXiv preprint arXiv:2107.02314, 2021.

Jinan Bao, Hanshi Sun, Hanqiu Deng, Yinsheng He, Zhaoxiang Zhang, and Xingyu Li.
Bmad: Benchmarks for medical anomaly detection. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pages 4042-4053, 2024.

Christoph Baur, Stefan Denner, Benedikt Wiestler, Nassir Navab, and Shadi Albar-
gouni. Autoencoders for unsupervised anomaly segmentation in brain mr images: a
comparative study. Medical image analysis, 69:101952, 2021.

Finn Behrendt, Debayan Bhattacharya, Robin Mieling, Lennart Maack, Julia Kriiger,
Roland Opfer, and Alexander Schlaefer. Leveraging the mahalanobis distance to en-
hance unsupervised brain mri anomaly detection. In International Conference on Med-
ical Image Computing and Computer-Assisted Intervention, pages 394—404. Springer,
2024.

Cosmin I Bercea, Philippe C Cattin, Julia A Schnabel, and Julia Wolleb. Denois-
ing diffusion models for anomaly localization in medical images. arXiv preprint
arXiv:2410.23834, 2024.

Cosmin I Bercea, Benedikt Wiestler, Daniel Rueckert, and Julia A Schnabel. Diffu-
sion models with implicit guidance for medical anomaly detection. In International

Conference on Medical Image Computing and Computer-Assisted Intervention, pages
211-220. Springer, 2024.

Patrick Bilic, Patrick Christ, Hongwei Bran Li, Eugene Vorontsov, Avi Ben-Cohen,
Georgios Kaissis, Adi Szeskin, Colin Jacobs, Gabriel Efrain Humpire Mamani, Gabriel
Chartrand, et al. The liver tumor segmentation benchmark (lits). Medical Image Anal-
ysis, 84:102680, 2023.

Yunkang Cao, Xiaohao Xu, Chen Sun, Yuqi Cheng, Zongwei Du, Liang Gao, and
Weiming Shen. Segment any anomaly without training via hybrid prompt regulariza-
tion. arXiv preprint arXiv:2305.10724, 2023.

Yunkang Cao, Jiangning Zhang, Luca Frittoli, Yuqi Cheng, Weiming Shen, and Gi-
acomo Boracchi. Adaclip: Adapting clip with hybrid learnable prompts for zero-
shot anomaly detection. In European Conference on Computer Vision, pages 55-72.
Springer, 2024.

Marco Colussi, Dragan Ahmetovic, Gabriele Civitarese, Claudio Bettini, Aiman Soly-
man, Roberta Gualtierotti, Flora Peyvandi, and Sergio Mascetti. Loris-weakly-
supervised anomaly detection for ultrasound images. In International Workshop on
Advances in Simplifying Medical Ultrasound, pages 198-208. Springer, 2024.

Hangiu Deng and Xingyu Li. Anomaly detection via reverse distillation from one-
class embedding. In Proceedings of the IEEE/CVF conference on computer vision and
pattern recognition, pages 9737-9746, 2022.



MARCO COLUSSI, DRAGAN AHMETOVIC, SERGIO MASCETTI: MIAS-SAM 11

[12]

[13]

[14]

[15]

[16]

[17]

(18]

(19]

(20]

(21]

(22]

(23]

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua
Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Syl-
vain Gelly, et al. An image is worth 16x16 words: Transformers for image recognition
at scale. arXiv preprint arXiv:2010.11929, 2020.

Matthijs Douze, Alexandr Guzhva, Chengqi Deng, Jeff Johnson, Gergely Szilvasy,
Pierre-Emmanuel Mazaré, Maria Lomeli, Lucas Hosseini, and Hervé Jégou. The faiss
library. arXiv preprint arXiv:2401.08281, 2024.

Denis Gudovskiy, Shun Ishizaka, and Kazuki Kozuka. Cflow-ad: Real-time unsuper-
vised anomaly detection with localization via conditional normalizing flows. In Pro-
ceedings of the IEEE/CVF winter conference on applications of computer vision, pages

98-107, 2022.

Jia Guo, Lize Jia, Weihang Zhang, Huiqi Li, et al. Recontrast: Domain-specific anomaly
detection via contrastive reconstruction. Advances in Neural Information Processing
Systems, 36, 2024.

Junjie Hu, Yuanyuan Chen, and Zhang Yi. Automated segmentation of macular edema
in oct using deep neural networks. Medical image analysis, 55:216-227, 2019.

Jongheon Jeong, Yang Zou, Taewan Kim, Dongqing Zhang, Avinash Ravichandran,
and Onkar Dabeer. Winclip: Zero-/few-shot anomaly classification and segmentation.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition, pages 19606-19616, 2023.

Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura
Gustafson, Tete Xiao, Spencer Whitehead, Alexander C Berg, Wan-Yen Lo, et al. Seg-
ment anything. In Proceedings of the IEEE/CVF international conference on computer
vision, pages 40154026, 2023.

Bennett Landman, Zhoubing Xu, J Igelsias, Martin Styner, Thomas Langerak, and Arno
Klein. Miccai multi-atlas labeling beyond the cranial vault—workshop and challenge.
In Proc. MICCAI Multi-Atlas Labeling Beyond Cranial Vault—Workshop Challenge,
volume 5, page 12, 2015.

Sungwook Lee, Seunghyun Lee, and Byung Cheol Song. Cfa: Coupled-hypersphere-
based feature adaptation for target-oriented anomaly localization. [EEE Access, 10:
78446-78454, 2022.

Chun-Liang Li, Kihyuk Sohn, Jinsung Yoon, and Tomas Pfister. Cutpaste: Self-
supervised learning for anomaly detection and localization. In Proceedings of the
IEEE/CVF conference on computer vision and pattern recognition, pages 9664-9674,
2021.

Shengze Li, Jianjian Cao, Peng Ye, Yuhan Ding, Chongjun Tu, and Tao Chen. Clipsam:
Clip and sam collaboration for zero-shot anomaly segmentation. Neurocomputing, 618:
129122, 2025.

Yiting Li, Adam Goodge, Fayao Liu, and Chuan-Sheng Foo. Promptad: Zero-shot
anomaly detection using text prompts. In Proceedings of the IEEE/CVF Winter Con-
ference on Applications of Computer Vision, pages 1093—-1102, 2024.



12

MARCO COLUSSI, DRAGAN AHMETOVIC, SERGIO MASCETTI: MIAS-SAM

(24]

[25]

[26]

(27]

(28]

(29]

(30]

Yuanwei Li, Elizaveta Ivanova, and Martins Bruveris. Fade: Few-shot/zero-shot
anomaly detection engine using large vision-language model. In 35th British Machine
Vision Conference 2024, BMVC 2024, Glasgow, UK, November 25-28, 2024. BMVA,
2024. URL https://papers.bmvc2024.0rg/0597.pdf.

Zhikang Liu, Yiming Zhou, Yuansheng Xu, and Zilei Wang. Simplenet: A simple
network for image anomaly detection and localization. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pages 20402-20411, 2023.

Jun Ma, Yuting He, Feifei Li, Lin Han, Chenyu You, and Bo Wang. Segment anything
in medical images. Nature Communications, 15(1):654, 2024.

Wenxin Ma, Qingsong Yao, Xiang Zhang, Zhelong Huang, Zihang Jiang, and S.Kevin
Zhou. Towards accurate unified anomaly segmentation. In Proceedings of the Winter
Conference on Applications of Computer Vision (WACV), pages 1342—1352, February
2025.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini
Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning
transferable visual models from natural language supervision. In International confer-
ence on machine learning, pages 8748-8763. PmLR, 2021.

Karsten Roth, Latha Pemula, Joaquin Zepeda, Bernhard Scholkopf, Thomas Brox, and
Peter Gehler. Towards total recall in industrial anomaly detection. In Proceedings of
the IEEE/CVF conference on computer vision and pattern recognition, pages 14318—
14328, 2022.

Zhichao Sun, Yuliang Gu, Yepeng Liu, Zerui Zhang, Zhou Zhao, and Yongchao Xu.
Position-guided prompt learning for anomaly detection in chest x-rays. In International
Conference on Medical Image Computing and Computer-Assisted Intervention, pages
567-577. Springer, 2024.


https://papers.bmvc2024.org/0597.pdf

