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Abstract. This paper presents LoRIS (Localized Reconstruction-by-
Inpainting with Single-mask), a novel weakly-supervised anomaly de-
tection technique designed to identify knee joint recess distension in
musculoskeletal ultrasound images, which are noisy and unbalanced (as
distended cases are rarer). In this context, supervised techniques re-
quire a high number of annotated images of both classes (distended and
non-distended). On the other hand, we show that existing unsupervised
anomaly detection techniques, which can be trained with images from
a single class, are ineffective and often unable to correctly localize the
anomaly. To overcome these issues, LoRIS is trained with nondistended
images only and uses the recess bounding box as location prior to guide
the reconstruction. Experimental results show that LoRIS outperforms
state-of-the-art unsupervised anomaly detection techniques. When com-
pared to a state-of-the-art fully supervised solution, LoRIS presents
similar performance but has two key advantages: during training it re-
quires images from a single class only, and it also outputs the recess
segmentation, without the need for segmentation annotations.
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1 Introduction

For patients with hemophilia, joint bleeding is a common complication. If not
treated promptly, it can lead to synovial hyperplasia, osteochondral damage, and
hemophilic arthropathy [9]. Ultrasound (US) imaging is emerging as a practical
approach for detecting bleeding in the joint recess [22]. In order to support med-
ical practitioners in the diagnosis process, Computer-Aided Diagnosis (CAD)
systems based on US images have been extensively researched [10]. Specifically,
to support the diagnosis of joint bleeding, prior works have proposed techniques
to detect joint recess distention caused by joint bleeding. The proposed solutions
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are based on binary classification [27] and multi-task learning (combining clas-
sification and detection) [3]. In these works, the task of distinguishing between
distended and non-distended recesses is addressed with supervised classification.
In addition to classification, segmentation is also of utmost importance in medi-
cal imaging, as it facilitates the identification of structures or regions of interest,
hence enabling visual guidance for professionals [2]. A major problem of these
solutions is the reliance on labeled images, which are scarce, imbalanced between
the two classes (distended cases are rarer than non-distended ones), and have a
high annotation cost.

In the literature, a common approach to tackle these types of problems is
unsupervised anomaly detection [26], in which the model is trained only us-
ing normal data samples and is used to identify anomalous samples deviating
from the learned distribution. Several solutions have been proposed for unsuper-
vised anomaly detection: reconstruction by inpainting [30], conditional GANs [1],
patch-based memory banks [24], synthesizing anomaly samples [16,29], and nor-
malizing flows [8]. Other works propose specific solutions tackling the prob-
lems of medical imaging: normalizing reconstruction error with uncertainty [18]
or through patch-interpolation [25]. These techniques provide both an over-
all anomaly score and, often, a pixel-level anomaly map that can be used for
anomaly segmentation. However, as we show in this paper, these techniques are
ineffective in the specific domain considered in this paper.

To address the ineffectiveness of unsupervised anomaly detection techniques,
we propose a solution inspired by weakly supervised segmentation approaches
that have been extensively researched in the segmentation domain, where ac-
quiring the segmentation masks is not always feasible [5]. These approaches rely
on weak labels that contain partial information compared to the labels used in
the supervised approach. In particular, previous works suggest that the use of a
location prior, in the form of the bounding box of the element of interest, can
effectively mitigate the cost of annotation while still providing high accuracy
in semantic segmentation [14], referring image segmentation [6], and in med-
ical image segmentation [12, 17]. However, to the best of our knowledge, these
approaches have never been applied in the field of anomaly detection.

In this paper, we present LoRIS (Localized Reconstruction-by-Inpainting
with a Single mask), a weakly supervised anomaly detection approach that uses
the joint recess bounding box as prior knowledge during the inpainting. We
also propose Directional Distance (DD), a new image similarity deviation met-
ric that yields better anomaly segmentation results than existing metrics, like
Multi-Scale Gradient Magnitude Similarity Deviation (MSGMSD) [28]. Exper-
imental results, conducted on a dataset of 483 images, show that LoRIS is
more accurate in detecting recess distention when using MSGMSD (image-level
AUROC 0.78), outperforming state-of-the-art unsupervised techniques and pro-
viding similar results as a previous approach specifically designed for this prob-
lem [3]. Instead, considering the segmentation problem, LoRIS provides better
results when adopting DD (Dice score of 0.35), outperforming the existing un-
supervised techniques. To summarize, our main contributions are:
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– We propose LoRIS, the first weakly supervised anomaly detection and seg-
mentation technique for ultrasound images.

– We demonstrate, through a comprehensive evaluation and an ablation study,
that a) state-of-the-art unsupervised anomaly detection approaches are in-
effective in this domain, and that b) LoRIS is effective and also provides
similar performance as a supervised solution. The advantages over the su-
pervised solution are that LoRIS can be trained with images of a single
class and also produces recess segmentation.

– We show an effective solution to automatically compute the location prior,
hence achieving a fully automated detection pipeline at inference time.

2 Methodology

After defining the problem (Section 2.1), we describe the two main steps of
LoRIS: localized reconstruction (Section 2.2) and anomaly detection (Section 2.3).
Finally, Section 2.4 describes how to automatically compute the location prior.

2.1 Problem Formulation

Hemophilia is a rare disease and its management has improved dramatically in
the last decade for two reasons. First, the use of ultrasound imaging emerged
as a practical solution for the detection of recess joint distention, caused by
joint bleeding [19]. A second factor is the increased availability of replacement
treatments (coagulation factor VIII and factor IX) and non-replacement treat-
ments [20]. This has led to a reduction in the number of acute bleeding episodes,
including intra-articular bleeding [7], which is otherwise a common cause of re-
cess distention. Since in this paper we consider a cohort of patients treated with
these drugs, images of distended recesses are rarer than non-distended ones. For
this reason, we propose to frame the problem as an anomaly detection task in
which a distended recess represents the anomalous case.

Specifically, we address the problem of detecting the distension of the sub-
quadricipital recess (SQR), which is the main recess of the knee joint. Our ap-
proach uses images of the longitudinal US scan of the knee joint, which are
commonly used to diagnose SQR distention by medical practitioners [19].

2.2 Localized reconstruction

The localized reconstruction module takes in input an image of the longitudinal
US scan of the knee joint and the recess bounding box location prior (see Fig. 1).
The module first inpaints the area in the image defined by the location prior with
a black rectangle. Then, it reconstructs the inpainted area using a specifically
trained network. One advantage of reconstructing the detected recess area only
is that this solution avoids reconstructing areas that are of no interest for the
given problem and that, due to noise and high inter-patient variability, can be
reconstructed imprecisely also for physiological (non-pathological) images.
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Fig. 1: LoRIS procedure schema

The network used is a U-Net [23], trained on a single class (images with
non-distended recess) to reconstruct the inpainted image while focusing solely
on the masked region. This is achieved through skip connections, directly prop-
agating the information from low-level layers to the higher ones, facilitating the
reconstruction process by preserving fine details, and maintaining contextual
information from the original input. Consistently with previous works [30], we
trained the network with the sum of three different losses:

Ltot = LMSGMS(I, Ir) + LSSIM(I, Ir) + L2(I, Ir)

where LMSGMS is the Multi-Scale Gradient Magnitude Similarity loss, LSSIM
indicates the structural similarity index loss and the pixel-wise loss L2 between
the original image I and the reconstructed one Ir

At inference time, image reconstruction is achieved in a single iteration that
reconstructs the entire masked area. This is in contrast with the approach of us-
ing multiple masks, adopted by existing reconstruction-by-inpainting techniques,
that iteratively mask and reconstruct portions of the image, finally joining all the
reconstructed areas to obtain the entire reconstructed image [30]. The problem
with the multiple-masks approach is that, during its iterations, only a portion of
the recess could be masked at a time, hence resulting in the image being precisely
reconstructed even when the recess is distended. Instead, by using a single mask,
the entire recess is inpainted, so it is more likely that it will be reconstructed as
non-distended also in distended images, hence revealing the anomaly.

2.3 Anomaly detection

At inference time, LoRIS runs the localized reconstruction module to obtain
the reconstructed image. Then, an anomaly map is computed, indicating an
anomaly score for each pixel of the original image, using an image similarity
deviation metric (see Fig 1). An overall anomaly score is computed at image
level by average pooling the pixel-wise anomaly scores of the anomaly map. The
anomaly is segmented by first selecting the set of pixels in the anomaly map
whose value is above a threshold that maximizes the dice score (as in [16]) and
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then by applying a post-processing step using morphological closing, followed by
opening with kernel 3x3.

In this paper, we propose a novel image similarity deviation metric called
directional difference (DD) that is based on the following observation: a
distended recess appears in a US image as a thick dark area, whereas a non-
distended recess appears as a thin dark line on a lighter background. If an image
containing a distended recess is provided in input, we expect the reconstruc-
tion to produce an image that resembles a non-distended recess, with the recess
bounding box containing lighter pixels, on average, than the original image. The
DD metric measures the increase of light intensity for the pixels in the recon-
structed image with respect to the original one, ignoring the pixels where the
light intensity actually decreases. Formally:

DD(p, pr) = max((pr − p), 0)

where pr is the intensity of a pixel in the reconstructed image and p is the
intensity of the corresponding pixel in the original image.

We experimented LoRIS also considering alternative image similarity devi-
ation metrics. Some of them are derived from the existing literature on similar-
ity deviation between images, including Gradient Magnitude Similarity Devia-
tion (GMSD), and Multi-Scale Gradient Magnitude Similarity Deviation (MS-
GMSD) [31]. We also experimented with similarity scoring functions between
images by computing their dual, such as the Structural Similarity Index (SSIM).
Among all these image similarity deviation metrics, LoRIS obtained the best
results with MSGMSD in terms of image-wise and pixel-wise accuracy, while
best Dice score was obtained using DD.

2.4 Automatic detection of the recess bounding box

LoRIS requires the recess bounding box as location prior both at training and
inference time. The use of (manually annotated) bounding box priors limits
the real-world applicability of the proposed approach. To address this issue,
we further propose the use of object detection for automatically annotating
the bounding box location priors, thus achieving a fully automated pipeline
(from image acquisition to anomaly prediction). Note that, also in this case, the
object detection has to be trained on non-distended images only to maintain the
applicability of the approach in the anomaly detection setting.

3 Experimental evaluation

This section describes the experimental methodology (Section 3.1), the exper-
imental results in terms of anomaly detection and segmentation performance
(Section 3.2), and the impact of automatic location prior detection (Section 3.3).
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3.1 Experimental methodology

We used the same dataset as in [3], containing 483 US images of the knee recess,
123 of which are distended, according to the annotation of a physician who is
an expert US reader in this specific field. The same physician also annotated
the images with the recess bounding box (the location prior) and the recess
segmentation, which is used to compute pixel-wise segmentation accuracy. The
images are divided into 5 folds using patient-based splits, thus ensuring that no
images of the same patient are simultaneously in the training and test folds.
Due to this, the exact number of images in each fold can vary. Approximately,
each fold contains 308, 78, and 97 images for the training, validation, and test
sets, respectively. Note that the images of distended recesses in the training and
validation sets are ignored for the training of the proposed anomaly detection
technique. Therefore, for each fold, we use approximately 226, 63, and 97 images
in the training, validation, and test sets, respectively.

For what concerns the model training, for each fold, the U-net model was
trained for 1000 epochs with an early-stopping criterion of 50 epochs on the
validation loss, a learning rate of 0.0001 with Adam optimizer [13], and a batch
size of 4. Parameters were selected empirically. We ran the experiments on a
Ubuntu Server with a partitioned NVIDIA A100 GPU, 42Gb of RAM, and an
AMD EPYC 8-core CPU. The code is publicly available4.

To assess the accuracy of the anomaly detection, we consider metrics com-
monly used in the state-of-the-art: Image-level AUROC (I-AUROC) and Pixel-
level AUROC (P-AUROC). Additionally, we employ the Dice score as it more
accurately evaluates the anomaly segmentation accuracy [4].

3.2 Anomaly detection and segmentation results

Table 1 compares LoRIS with state-of-the-art unsupervised anomaly detection
approaches and a previously proposed supervised technique [3]. Considering
the unsupervised techniques, recent ones (PatchCore [24], Simplenet [16] and
Cflow [8]) yield the best results, with PatchCore having an I-AUROC of 0.701
and a P-AUROC of 0.871. However, unsupervised techniques have a Dice score
lower than 0.2, showing that they do not obtain a relevant segmentation of the
anomalous region. This is also exemplified in Fig.2 that shows, for three sample
images, the segmentation results of various techniques. As shown in the figure,
the unsupervised techniques fail in most of the cases to detect the recess area,
and, even when they do, they do not approximate the recess accurately. The
multi-task supervised technique [3] achieves a higher I-AUROC value of 0.780
but it cannot compute the recess segmentation.

Table 1 also shows the results of two variants of LoRIS, when using MS-
GMSD (LoRIS+MSGMSD) and DD (LoRIS+DD) as image similarity devi-
ation metrics. The former achieves the best performance in terms of image-level
AUROC (0.783) when compared with all other techniques, including multi-task.

4 https://github.com/warpcut/LoRIS

https://github.com/warpcut/LoRIS
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Table 1: Anomaly detection and segmentation results
Model Setting I-AUROC P-AUROC Dice
RIAD [30] Unsupervised 0.583 ± 0.083 0.682 ± 0.016 0.051 ± 0.017
InTrans [21] Unsupervised 0.581 ± 0.053 0.574 ± 0.033 0.028 ± 0.009
Ganomaly [1] Unsupervised 0.573 ± 0.035 - -
FAIR [15] Unsupervised 0.544 ± 0.035 0.668 ± 0.021 0.102 ± 0.012
Cflow [8] Unsupervised 0.645 ± 0.125 0.864 ± 0.011 0.124 ± 0.049
Draem [29] Unsupervised 0.547 ± 0.066 0.626 ± 0.041 0.033 ± 0.007
UAE [18] Unsupervised 0.621 ± 0.068 0.699 ± 0.014 0.061 ± 0.018
Simplenet [16] Unsupervised 0.68 ± 0.104 0.818 ± 0.01 0.144 ± 0.047
PatchCore [24] Unsupervised 0.701 ± 0.090 0.871 ± 0.009 0.193 ± 0.066
Multi-task [3] Supervised 0.780 ± 0.050 - -
LoRIS+MSGMSD Weakly-supervised 0.783 ± 0.050 0.932 ± 0.018 0.263 ± 0.042
LoRIS+DD Weakly-supervised 0.750 ± 0.100 0.746 ± 0.047 0.353 ± 0.034

It also outperforms all other unsupervised techniques in terms of pixel-level
AUROC (0.932). Taking into account the segmentation ability, LoRIS+DD
achieves the best results, with a Dice score of 0.353. However, we note that the
Dice score is still relatively low, indicating that accurate anomaly segmentation
in this domain is particularly challenging. This observation is also supported by
the results obtained using UAE [18] which, despite being designed for medical
imaging, yields poor results (AUROC of 0.699 and dice of 0.061). Nevertheless,
as shown in Fig.2, while segmentation is not extremely accurate, it approximates
the actual recess shape well.

Original Ground Truth FAIR Cflow Dream PatchCore
LoRIS

+ MSGMSD
LoRIS
+DDUAE

Fig. 2: Comparison of the anomaly segmentations generated by different tech-
niques

3.3 Automated detection of the recess bounding box

For the automated detection of the bounding box location prior, we examine
two object detection approaches, Yolo (V5) [11] and Co-DETR [32]. We trained
the two models on the non-distended images in the training set and measured
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the performance of LoRIS+MSGMSD with the location prior automatically
computed by the trained object detection model at test time.

As shown in Table 2, YOLO fails to achieve results comparable to the upper
baseline represented by the Ground Truth (GT) annotations. Indeed, there is
a significant drop in performance: −4.4% in I-AUROC, −5.4% in P-AUROC
and −6.2 in Dice score. Instead, using CoDETR, shown to perform better in
several domains [32], the results remain comparable with those obtained with
GT: −0.7% in I-AUROC, −2.2% in P-AUROC and −2.3% in Dice score.

Table 2: Performances of the object detection algorithms and their impact.
precision map@50 mAP@75 I-AUROC P-AUROC Dice

GT - - - 0.783 ± 0.050 0.932 ± 0.018 0.263 ± 0.042

Yolo-V5 0.954 ± 0.044 0.796 ± 0.052 0.254 ± 0.063 0.773 ± 0.038 0.872 ± 0.033 0.223 ± 0.030
CoDETR 1.0 ± 0.0 0.9 ± 0.035 0.41 ± 0.066 0.776 ± 0.029 0.910 ± 0.038 0.240 ± 0.031

4 Conclusions

The approach proposed in this paper is the first anomaly detection technique
to use a location prior and to adopt the reconstruction-by-inpainting approach
on US images, which are noisy and have high variability. Experimental results
show that the technique can separate normal images from anomalous ones better
than state-of-the-art unsupervised approaches, achieving results comparable to
a fully supervised approach proposed previously [3], when LoRIS+MSGMSD
is used. Instead, LoRIS+DD yields the best results for the purpose of anomaly
segmentation.

Furthermore, LoRIS has two additional benefits with respect to the super-
vised approach. First, it is trained using non-anomalous data only, and therefore
it is more suitable to the target problem domain in which anomalous data is
scarce. Second, it provides more anatomically reasonable anomaly segmenta-
tions, only requiring the recess bounding box as a location prior. We also show
that this information can be obtained using a state-of-the-art object detection
technique, achieving results comparable to the use of the manually annotated
data and thus achieving a fully automated SQR distension detection pipeline.

As a future work, we will experiment different image similarity deviation
metrics for different tasks: MSGMSD can be used to achieve a better SQR
distension detection accuracy, while DD can be used to compute more accu-
rate anomaly segmentation. We will also investigate the possibility of using the
bounding box location prior in existing anomaly detection techniques, for ex-
ample for delimiting the areas targeted with synthetic anomalies in Draem [29].
Finally, we will integrate the location prior detection to form an end-to-end so-
lution, and we will explore how our anomaly detection approach performs on
other medical imaging sources as well as other application domains.
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