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Abstract

How many outliers are within an unlabeled and contami-
nated dataset? Despite a series of unsupervised outlier de-
tection (UOD) approaches have been proposed, they can-
not correctly answer this critical question, resulting in their
performance instability across various real-world (varying
contamination factor) scenarios. To address this problem,
we propose FlexUOD, with a novel contamination factor
estimation perspective. FlexUOD not only achieves its re-
markable robustness but also is a general and plug-and-
play framework, which can significantly improve the per-
formance of existing UOD methods. Extensive experiments
demonstrate that FlexUOD achieves state-of-the-art results
as well as high efficacy on diverse evaluation benchmarks.

1. Introduction

UOD for images plays an important role in improving data
quality [29] and supports a wide range of visual applica-
tions [62]. It aims to identify unusual samples within an
unlabeled dataset. Despite significant progress that has
been achieved, existing approaches often exhibit instabil-
ity across different scenarios (Fig. 1). This work attributes
the major instability to the dependence on the crucial but
unknown contamination factor γ1, and proposes a solution
that can be implemented into real-world scenarios, elimi-
nating the dependency of γ.

We first clarify the γ-instability: when γ is low, the con-
taminated dataset is primarily composed of inliers that can
be effectively addressed by inlier/normal-manifold learning
methods [36, 51, 65]. In contrast, the learned inlier man-
ifolds undergo substantial shifts when γ is high, rendering
these models ineffective. Nevertheless, a higher proportion

1This term [44] is also known as the outlier ratio/percentage.
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Figure 1. Comparison between our FlexUOD framework and
LVAD [36]. (a) demonstrates that our solution maintains stabil-
ity across varying contamination factors, while (b) highlights its
consistent performance across different benchmarks.

of outliers benefits certain outlier-based techniques [34, 56].
Based on the above analysis, it is challenging for a sin-

gle method to solve varying γ-scenarios. Thus, estimat-
ing γ is our major objective. Currently, the mainstream
γ-estimators [44, 45] are threshold learning-based, focus-
ing on determining a boundary on a series of given outlier
scores. However, we argue that without prior knowledge of
the outlier scores, e.g., ranking accuracy and distribution,
learning an optimal threshold becomes an ill-posed prob-
lem. To address the issues arising from the inconsistency
between γ-estimation and outlier scoring, this study intro-
duces a novel perspective.

We propose FlexUOD, a framework that can flexibly
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choose the proper UOD method with varying contamina-
tion factors. The outlier score function of FlexUOD can be
denoted as:

four ← {flow, fhigh, γ}, γ ← Comp(flow, fhigh), (1)

where flow and fhigh refers to appropriate methods for
low-γ and high-γ scenarios, respectively. Instead of in-
dependently designing {flow, fhigh} and estimating γ, our
flow and fhigh are structurally consistent, thereby leverag-
ing their comparison Comp(flow, fhigh) as a natural prior
for estimating γ.

To assess the performance of our proposed framework,
we subject it to rigorous evaluation across diverse bench-
marks (classical UOD, industrial-AD, medical-AD, tabular-
AD), while spanning a wide range of contamination factors.
Despite its remarkable efficiency, the experimental results
demonstrate high efficacy and stability, in comparison to ex-
isting methods, as shown in Fig. 1. The main contributions
of this paper can be summarised as:
• Our research underscores the significance of considering

the contamination factor as a pivotal factor in UOD tasks,
an aspect often overlooked in previous studies.

• We introduce a novel framework about contamination
factor estimation, named FlexUOD which drops out com-
plicated processes/tricks and is plug-and-play. Code is
available at: https://github.com/zhliu-uod/FlexUOD.

2. Related Work
2.1. Unsupervised Outlier Detection
The goal of UOD is to assign an outlier score to each sam-
ple. Existing methods can be broadly categorized into:
inlier-manifold learning and outlier exposure. Deep con-
ventional outlier detectors, as discussed in [28, 32, 57, 65,
66], primarily focus on modeling the inlier manifold by re-
constructing each image sample within a low-dimensional
latent space, where inliers are assumed to exhibit lower re-
construction errors. Additionally, statistics-based methods
model the inlier manifold using either discrimination-based
[34, 36] or density-based [26] approaches. In scenarios
where outliers are not the minority [10, 58], different meth-
ods, such as outlier exposure [22, 34, 41], become neces-
sary. However, the unknown contamination factor in prac-
tice complicates maintaining stability across various scenar-
ios. Thus, contamination factor estimation is essential.

2.2. Contamination Factor Estimation
Currently, contamination factor (outlier ratio) estimation is
typically achieved through threshold learning, which in-
volves determining a decision boundary based on a series
of outlier scores. Representative approaches include kernel-
based methods [45], curve-based methods [17], normality-
based approaches [5], filtering-based methods [20, 53], sta-

tistical methods [1, 2, 5, 8, 24, 42, 63], and transformation-
based methods [9, 25, 54]. However, since conventional
threshold learning is independent of the outlier detectors,
and the discriminative power of the given outlier score func-
tion is not guaranteed, threshold-based contamination fac-
tor estimation tends to be less effective in practice. To
overcome these limitations, this work introduces an outlier
detector-aware contamination factor estimator.

3. Preliminaries
Problem Definition. Given n unlabeled image samples, we
define the target dataset as I = Iin∪ Iout = {Ii}ni=1, where
Iin and Iout are inliers and outliers, respectively. The con-
tamination factor γ ∈ (0, 1) is denoted as #Iout

#Iin+#Iout
. Re-

markably, this setup differs from the semi-supervised out-
lier detection/one-class learning task [55] by not involving
a train-test split of the target dataset. Typically, images are
transformed to features X = Xin∪Xout = {xi}ni=1, where
i is the feature index and n refers to the size of target dataset.
Major Objective. UOD aims to generate an outlier score
function f(·) to assess the outlier likelihood of each xi:

y(xi) =

{
1, if f(xi) ≥ τ
0, otherwise, (2)

where y = 1 (outlier) and y = 0 (inlier) refer to the pre-
dicted labels and τ is the threshold, i.e., decision boundary.
In this study, we not only measure the ranking accuracy of
f(·), aligning with the related works [28, 34, 36, 50], as
well as the classification accuracy with respect to τ .
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Figure 2. Comparison between two representative UOD meth-
ods, Shell-Re (TPAMI-21) [34] and LVAD (ECCV-22) [36], which
shows distinct performance on low-γ and high-γ scenarios.

4. Method: FlexUOD
4.1. Overview
Currently, the mainstream UOD approaches follow a single
(method)-fits-all (scenarios) paradigm, i.e., a single outlier
score function is learned to predict outlier scores across dif-
ferent scenarios. However, based on the above analysis, we
argue that this paradigm suffers from performance instabil-
ity when contamination factors vary, as shown in Fig. 2.
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Such that, the ideal outlier score function is denoted as:

fideal =


flow , if γ is low
fhigh , if γ is high
f̂low + f̂high , otherwise,

(3)

where f̂· refers to the min-max normalized outlier score
function. Thus, this study involves three following stages:
(i) Proposing flow; (ii) Proposing fhigh; (iii) Estimating γ.
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Figure 3. Examples of indiscriminative distributions illustrate the
challenges of estimating the contamination factor through thresh-
old learning methods, e.g., KARCH [1] and REGR [2]. In con-
trast, our proposed estimator maintains the contamination factor
estimation efficacy on low-γ and high-γ scenarios.

Motivation. Recently, contamination factor estimators (γ-
estimator) are usually threshold learning-based [40, 44],
i.e., determining the decision boundary τ on a series of
given outlier scores {f(xi)}ni=1, i.e., γ = |{xi|f(xi) ≥
τ}|/n. In this phase, proposing {flow, fhigh} and esti-
mating γ are treated as independent problems, where the
γ-estimator is disconnected from the given outlier score
function. However, we argue that this leads to an incon-
sistency problem. First, some γ-estimators rely on intrinsic
assumptions about the inlier distribution [40] (e.g., Gaus-
sian or Chi-squared distributions), which may not hold for
all outlier score functions. Moreover, if the outlier score
function is not discriminative enough, reliable γ-estimation
becomes difficult, e.g., Fig. 3.

To address the inconsistency problem between out-
lier score function f and γ-estimator, we propose Flex-
UOD, with an outlier score function-consistent γ-estimator.
Specifically, we first propose structurally consistent flow
and fhigh, allowing us to estimate γ by a natural compar-
ison between flow and fhigh. In Fig. 3, our solution can
accurately estimate γ on both low and high γ-scenarios.

4.2. Proposing flow

4.2.1. Basic Structure
As the input raw images will be transformed into features,
i.e., high-dimensional vectors. We propose flow by under-
standing the high-dimensional space. Different from the
intuitive understanding applicable to 2-D or 3-D spaces,
the high-dimensional data typically resides within a hyper-
sphere characterized by its dimension d, and radius r [35].
Property 1. When γ is low, the radius of the hypersphere
becomes a natural discriminative outlier score function.

For all inliers Xin within a d-dimensional hyper-sphere,
as its volume is defined as: Vd(r) = (πd/2rd)/Γ(1 + d/2),
where Γ(·) is the Gamma function. If we shrink its radius r
with a small value ϵ (ϵ > 0), we will have:

lim
d→∞

Vd((1− ϵ)r)

Vd(r)
= lim

d→∞
(1−ϵ)d ≤ lim

d→∞
e−ϵd = 0. (4)

If ϵ is fixed and d → ∞, the volume inside the hyper-
sphere rapidly tends to zero, meaning that almost all of the
volume is concentrated on the surface of the hypersphere,
often referred to as a shell [34]. This suggests that the dis-
tance from each sample xi to the centroid of inliers mXin

could serve as a naturally discriminative outlier score. No-
tably, when γ is low, mX is almost certainly equal to mXin

.
Thus, the formulation of the basic flow can be denoted as:

flow-basic(xi) = ||xi −mX||2, (5)

where mX = [mX,1, · · · ,mX,j , · · · ,mX,d] refers to the
mean of all features X and || · ||2 is the Euclidean distance
(ℓ2-norm). Despite the simplicity of Eq. 5, Fig. 4 shows its
unexpected efficacy while maintaining efficiency. Next, we
will discuss how it can be further advanced.
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Figure 4. Comparison between our flow-basic (Eq. 5) and LVAD.
Despite its simplicity, it exhibits competitive overall performance.

4.2.2. Distance Metric
Motivation. For UOD and related tasks, Euclidean distance
(Cosine Similarity) is widely used as metrics [28, 34, 37].
However, we argue that these symmetric metrics some-
times lack separability. For instance, consider two data
points x1 and x2, where x1 is an inlier and x2 is an outlier.
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Even if ||x1 − x2||2 is relatively large, the points may be
symmetrically positioned around the mean mX, such that
||x1 − mX||2 ≈ ||x2 − mX||2. In such cases, Euclidean
distance could erroneously assign similar outlier scores to
both x1 and x2, leading to a decrease in discriminativeness.
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Figure 5. The comparison between flow and flow-basic.

Bray-Curtis Distance. To overcome the limitation posed
by symmetric metrics, we adopt an asymmetric metric, the
Bray-Curtis distance [12] to advance the flow-basic.

Bray-Curtis(xi) =
||xi −mX||1
||xi +mX||1

, (6)

where || · ||1 refers to Manhattan distance (ℓ1-norm).
Therefore, our outlier score function for low contamination
factors flow(·) is defined as follows:

flow(xi) = ω ∗ Bray-Curtis(xi)+

(1− ω) ∗ flow-basic(xi),
(7)

where ω = 1/0, whose decision is based on our analysis for
Bray-Curtis distance, as shown in the supplementary mate-
rials.

4.3. Proposing fhigh

A previous research work for high-dimensional space
named Shell Theory [34] proves that the outlier-based
normalization norm(xi,Xout) = (xi − mXout

)/||xi −
mXout

||2 can significantly improve the discriminativeness
of feature representation. Hence, when γ is high, obtain-
ing enough outliers becomes relatively easier. Specifically,
we initially take flow as a reliable outlier score founda-
tion. Subsequently, we identify potential outlier candidates
X′

out, using its default outlier filtering method MAD (Me-
dian Absolute Deviation) [49], i.e., X′

out = {xi|flow(xi) >
Median({flow(xi)}ni=1) + k2 ·MAD({flow(xi)}ni=1)}.
Therefore, our outlier score function for high contamina-
tion factors fhigh(·) is denoted as follows:

fhigh(xi) = flow(norm(xi,X
′
out),norm(m,X′

out)). (8)

2 We set k = 1 to constrain MAD only works on high-γ scenarios,
thereby ensuring fhigh only performs well on high-γ scenarios.
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Figure 6. (a) illustrates the distinct performance differences be-
tween flow (Eq. 7) and fhigh (Eq. 8). (b) depicts how the efficacy
(AUC score) of fhigh correlates with the ranking-index similarity
between {flow(xi)}ni=1 and {fhigh(xi)}ni=1.

4.4. Contamination Factor Estimation
Inspired by the specific property analysis of fhigh, its rank-
ing instance index of {fhigh(xi)}ni=1 performs distinctly
with low and high contamination factors. In contrast, the
above proposed flow (Eq. 7) is more stable and can be con-
sidered as a reliable baseline, Such that, we can estimate γ
in a heuristic way, demonstrated as follows.
Property 2. The contamination factor γ can be approxi-
mately estimated by measuring the ranking-index similarity
between {flow(xi)}ni=1 and {fhigh(xi)}ni=1.

When γ is low, the ranking accuracy (i.e., AUC score)
for {flow(xi)}ni=1 and {fhigh(xi)}ni=1 are distinct; when γ
is high, as fhigh is effective and {flow(xi)}ni=1 maintains
remarkable efficacy, the AUC score for {flow(xi)}ni=1 and
{fhigh(xi)}ni=1 are both relatively high, as shown in Fig. 6
(a). Moreover, since flow and fhigh is structurally consis-
tent, γ can be measured by the ranking-index similarity ϕ
between {flow(xi)}ni=1 and {fhigh(xi)}ni=1. We use Spear-
man’s rank correlation coefficient [16, 40] to estimate ϕ.

ϕ = |Spearman(rank({flow(xi)}ni=1),

rank({fhigh(xi)}ni=1)|,
(9)

where rank(·) refers to the operation that transforms out-
lier scores to an ascending-order ranking index list. As
shown in Fig. 6 (b), the ranking-index similarity ϕ (y-axis)
is quasi-linearly correlated with the contamination factor
γ (x-axis).

4.5. Summary
In our proposed FlexUOD framework (illustrated in Fig. 7),
we fix the lower and upper boundary of ϕ are 0.1 and 0.3,
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Figure 7. An overview of our framework. It has two stages: contamination factor estimation and appropriate outlier detector selection.

respectively (the ablation study is shown in Tab. 9). For
each xi, its outlier score fours(xi) is defined as follows:

fours(xi) =


flow(xi) , if ϕ < 0.1
fhigh(xi) , if ϕ > 0.3

f̂low(xi) + f̂high(xi) , otherwise.
(10)

Moreover, since it is usually insufficient to merely quan-
tify anomalousness for real applications, FlexUOD is also
able to determine the threshold τ . Based on the above anal-
ysis, we conclude that: τ ⇏ γ, γ ⇒ τ , i.e., although
threshold learning for contamination factor estimation is an
ill-posed problem, we can determine the threshold τours
with our estimated approximate contamination factor |ϕ|:
τours = sort({fours(xi)}ni=1)[n · (1 − |ϕ|)], thereby pre-
dicting the labels of each xi:

yours(xi) =

{
1, if fours(xi) ≥ τours;
0, otherwise. (11)

Notably, as most of the proposed methods suffer from
the efficacy decrease with high outlier ratios while the es-
timated contamination factor is model-agnostic, FlexUOD
can be seamlessly integrated with any low-ratio effective
method, i.e., replace flow with the existing methods such as
OCSVM [51], LVAD [36] and ICL [52], as evaluated in Fig.
8.

0.85

0.90

1.00

0.95

0.80

OC
SV
M

LVA
D ICL

Average AUC Results with Std for Various Methods on STL-10

AU
C

+F
lex
UO
D

+F
lex
UO
D

+Fl
exU

OD

Method

Figure 8. AUC results from integrating FlexUOD with existing
methods, including OCSVM [51], LVAD [36], and ICL [52]. No-
tably, FlexUOD significantly improves their performance.

5. Experiments
5.1. Settings
Evaluated Datasets. As our desired UOD method should
be applied to real-world scenarios, the evaluated datasets
involve both classic UOD benchmarks: STL-10 [13], In-
ternet [34], CIFAR-10 [27], CIFAR-100 [27], MIT-Places-
Small [64], MNIST [30], Fashion-MNIST [59] and UOD
applications (Anomaly Detection, i.e., AD), which in-
volves (i) Industrial defect detection dataset: MVTec-AD
[7]; (ii) Medical-AD datasets: HIS, BrainMRI, LiverCT and
RESC, sourced from BMAD benchmark [4]; (iii) Tabular-
AD datasets sourced from ADBench [19] involves multiple
categories such as finance, Web and healthcare.

Building upon related research [34, 36, 40], we lever-
age the raw pixel features for MNIST and Fashion-MNIST.
For other image datasets such as STL-10, CIFAR-10, and
MVTec-AD, we adopt ImageNet pre-trained ResNet-50
[21] and CLIP [47]. For medical AD datasets, we adopt
ResNet-18 [15]. Besides, for UOD datasets, each class
within a certain evaluated benchmark dataset is alternately
treated as inliers, and instances from the other classes are
considered outliers. The target dataset comprises all inliers
and a portion of randomly selected outliers. The reported
results for each benchmark dataset are averaged across all
classes. For every class, we further average the results over
a broad range of outlier ratios: [0.01, 0.1, 0.2, 0.3, 0.4, 0.5].
For AD datasets, we combine its default training and test
sets within each category together to be the target dataset.
Baselines. We first compare with two themes of UOD
methods: (i) statistical-based methods: OC-SVM [51], IF
[39], Shell-Re [34], ECOD [33], LVAD [36], Multi-T [40].
(ii) deep learning-based methods: INNE [3], Deep SVDD
[50], RSRAE [28], LUNAR [28], GOAD [6], NeuTraL
[46], ICL [52], SLAD [61] and DIF [60]. Besides, we
compare with a series of threshold learning methods involv-
ing kernel-based: FGD [45]; curve-based EB [17];filtering-
based: HIST [53], FILTER [20]; statistical-based: KARCH
[1], REGR [2], QMCD [24], CLF [5], DECOMP [8],
META [63]; transformation-based: MOLL [25], CLUST
[9], CPD [54].
Evaluation Metrics. We evaluate our proposed method
on two aspects: ranking accuracy of the generated outlier
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Table 1. Average results over a wide range of outlier ratios ([0.01, · · · , 0.5]) with SOTAs on a series of RGB datasets. Red and Blue
indicates the best and second-best results, respectively.

Feature Method Venue STL-10 [13] Internet [34] CIFAR-10 [27] CIFAR-100 [27] MIT-Places-Small [64]
AUC PR-I PR-O AUC PR-I PR-O AUC PR-I PR-O AUC PR-I PR-O AUC PR-I PR-O

R
es

N
et

-5
0

OC-SVM [51] Neu. Com.-01 0.902 0.934 0.771 0.935 0.955 0.844 0.802 0.878 0.561 0.858 0.910 0.662 0.805 0.885 0.574
IF [39] ICDM-08 0.818 0.902 0.557 0.848 0.920 0.595 0.760 0.861 0.498 0.784 0.873 0.532 0.671 0.826 0.391
INNE [3] Com. Int.-18 0.846 0.922 0.553 0.862 0.935 0.581 0.787 0.885 0.471 0.867 0.928 0.629 0.761 0.873 0.450
Deep SVDD [50] ICML-18 0.601 0.777 0.378 0.695 0.821 0.484 0.539 0.762 0.293 0.567 0.771 0.356 0.584 0.777 0.344
RSRAE [28] ICLR-19 0.891 0.931 0.740 0.935 0.960 0.821 0.778 0.865 0.532 0.893 0.944 0.696 0.735 0.843 0.497
GOAD [6] ICLR-20 0.942 0.967 0.819 0.973 0.986 0.888 0.835 0.904 0.603 0.897 0.941 0.709 0.833 0.905 0.608
RCA [38] IJCAI-21 0.497 0.748 0.252 0.502 0.749 0.253 0.499 0.749 0.252 0.494 0.748 0.252 0.490 0.748 0.252
Shell-Re [34] TPAMI-21 0.870 0.980 0.669 0.916 0.986 0.701 0.860 0.958 0.640 0.846 0.959 0.592 0.759 0.896 0.541
NeuTraL [46] ICML-21 0.839 0.904 0.648 0.899 0.947 0.750 0.744 0.854 0.479 0.793 0.906 0.550 0.718 0.830 0.443
ICL [52] ICLR-22 0.920 0.952 0.767 0.957 0.979 0.837 0.827 0.897 0.583 0.904 0.948 0.732 0.795 0.882 0.527
LUNAR [18] AAAI-22 0.759 0.854 0.494 0.770 0.872 0.505 0.748 0.847 0.481 0.825 0.881 0.608 0.655 0.792 0.378
ECOD [33] TKDE-22 0.892 0.944 0.677 0.889 0.947 0.654 0.856 0.917 0.630 0.906 0.949 0.734 0.765 0.865 0.476
LVAD [36] ECCV-22 0.940 0.966 0.816 0.958 0.978 0.860 0.832 0.904 0.600 0.910 0.950 0.737 0.820 0.896 0.600
SLAD [61] ICML-23 0.920 0.956 0.740 0.951 0.973 0.817 0.841 0.911 0.592 0.904 0.946 0.720 0.818 0.894 0.566
DeepIF [60] TKDE-23 0.807 0.896 0.543 0.828 0.910 0.577 0.749 0.865 0.466 0.774 0.886 0.495 0.700 0.838 0.396
Multi-T [40] ECCV-24 0.948 0.971 0.820 0.971 0.985 0.869 0.859 0.920 0.643 0.920 0.956 0.762 0.821 0.896 0.609
FlexUOD (Ours) − 0.972 0.989 0.869 0.978 0.990 0.883 0.927 0.964 0.766 0.941 0.972 0.813 0.877 0.931 0.680

C
L

IP

OC-SVM [51] Neu. Com.-01 0.896 0.925 0.780 0.870 0.920 0.648 0.846 0.903 0.630 0.832 0.893 0.634 0.842 0.901 0.557
IF [39] ICDM-08 0.930 0.955 0.812 0.901 0.944 0.680 0.878 0.928 0.667 0.854 0.913 0.640 0.852 0.917 0.583
INNE [3] Com. Int.-18 0.859 0.926 0.580 0.797 0.903 0.430 0.839 0.917 0.521 0.850 0.911 0.639 0.798 0.908 0.399
Deep SVDD [50] ICML-18 0.585 0.791 0.319 0.653 0.838 0.332 0.527 0.760 0.289 0.583 0.808 0.267 0.495 0.765 0.291
RSRAE [28] ICLR-19 0.915 0.947 0.795 0.897 0.939 0.679 0.855 0.914 0.641 0.885 0.931 0.707 0.821 0.898 0.493
GOAD [6] ICLR-20 0.949 0.968 0.856 0.918 0.954 0.718 0.890 0.936 0.695 0.876 0.926 0.687 0.909 0.948 0.673
RCA [38] IJCAI-21 0.957 0.974 0.866 0.932 0.964 0.746 0.893 0.937 0.702 0.876 0.922 0.695 0.914 0.951 0.681
Shell-Re [34] TPAMI-21 0.861 0.981 0.648 0.876 0.986 0.670 0.874 0.969 0.605 0.821 0.952 0.552 0.885 0.965 0.666
NeuTraL [46] ICML-21 0.818 0.870 0.590 0.854 0.926 0.557 0.751 0.846 0.474 0.837 0.905 0.605 0.705 0.824 0.431
ICL [52] ICLR-22 0.938 0.964 0.807 0.917 0.957 0.703 0.890 0.940 0.659 0.918 0.954 0.758 0.869 0.931 0.565
LUNAR [18] AAAI-22 0.802 0.861 0.643 0.781 0.861 0.547 0.785 0.863 0.532 0.894 0.927 0.772 0.741 0.841 0.437
ECOD [33] TKDE-22 0.972 0.982 0.912 0.961 0.977 0.879 0.921 0.951 0.768 0.905 0.939 0.758 0.927 0.960 0.724
LVAD [36] ECCV-22 0.956 0.974 0.868 0.889 0.933 0.678 0.896 0.938 0.712 0.903 0.940 0.753 0.899 0.946 0.629
SLAD [61] ICML-23 0.925 0.950 0.808 0.888 0.936 0.641 0.882 0.930 0.674 0.895 0.938 0.729 0.875 0.935 0.570
DeepIF [60] TKDE-23 0.910 0.946 0.751 0.903 0.946 0.701 0.853 0.915 0.621 0.842 0.911 0.616 0.830 0.911 0.528
Multi-T [40] ECCV-24 0.966 0.980 0.883 0.941 0.970 0.760 0.917 0.952 0.741 0.913 0.951 0.741 0.897 0.945 0.661
FlexUOD (Ours) − 0.988 0.995 0.928 0.985 0.994 0.916 0.957 0.981 0.808 0.954 0.980 0.827 0.979 0.991 0.862
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OC-SVM [51] Neu. Com.-01 0.899 0.930 0.776 0.903 0.937 0.746 0.824 0.891 0.595 0.845 0.901 0.648 0.824 0.893 0.565
IF [39] ICDM-08 0.874 0.928 0.685 0.874 0.932 0.638 0.819 0.895 0.583 0.819 0.893 0.586 0.762 0.872 0.487
INNE [3] Com. Int.-18 0.852 0.924 0.567 0.829 0.919 0.505 0.813 0.901 0.496 0.859 0.919 0.634 0.780 0.890 0.425
Deep SVDD [50] ICML-18 0.593 0.784 0.349 0.674 0.829 0.408 0.533 0.761 0.291 0.575 0.790 0.311 0.539 0.771 0.317
RSRAE [28] ICLR-19 0.903 0.939 0.767 0.916 0.950 0.750 0.816 0.890 0.587 0.889 0.938 0.702 0.778 0.870 0.495
GOAD [6] ICLR-20 0.946 0.968 0.838 0.945 0.970 0.803 0.862 0.920 0.649 0.886 0.934 0.698 0.871 0.926 0.640
RCA [38] IJCAI-21 0.727 0.861 0.559 0.717 0.857 0.499 0.696 0.843 0.477 0.685 0.835 0.473 0.702 0.850 0.466
Shell-Re [34] TPAMI-21 0.866 0.981 0.659 0.896 0.986 0.686 0.867 0.964 0.623 0.834 0.956 0.572 0.822 0.931 0.604
NeuTraL [46] ICML-21 0.828 0.887 0.619 0.877 0.937 0.653 0.748 0.850 0.476 0.815 0.905 0.577 0.711 0.827 0.437
ICL [52] ICLR-22 0.929 0.958 0.787 0.937 0.968 0.770 0.859 0.918 0.621 0.911 0.951 0.745 0.832 0.906 0.546
LUNAR [18] AAAI-22 0.781 0.857 0.568 0.776 0.867 0.526 0.766 0.855 0.507 0.859 0.904 0.690 0.698 0.817 0.408
ECOD [33] TKDE-22 0.932 0.963 0.795 0.925 0.962 0.766 0.888 0.934 0.699 0.905 0.944 0.746 0.846 0.912 0.600
LVAD [36] ECCV-22 0.948 0.970 0.842 0.923 0.956 0.769 0.864 0.921 0.656 0.907 0.945 0.745 0.860 0.921 0.615
Multi-T [40] ECCV-24 0.957 0.976 0.851 0.956 0.978 0.814 0.888 0.936 0.692 0.917 0.954 0.751 0.859 0.920 0.635
FlexUAD − 0.980 0.992 0.899 0.981 0.992 0.900 0.942 0.973 0.787 0.947 0.976 0.820 0.928 0.961 0.771

scores and classification accuracy of the predicted thresh-
old. Specifically, the ranking accuracy is primarily assessed
using the Area Under the Receiver Operating Characteristic
Curve (AUC). This metric offers a comprehensive evalua-
tion of ranking accuracy, interpreted as the likelihood of an
outlier receiving a higher outlier score [14]. We also employ
AUPR-In (PR-I) and AUPR-Out (PR-O), which indicate the
nuanced ranking accuracy for inliers and outliers, providing
a more detailed assessment. Additionally, the performance
of the predicted threshold is measured with F1-score, a har-
monic mean of the precision and recall.

5.2. Main Results
Evaluation on Benchmark Datasets. Tab. 1 shows
the substantial improvements in both efficacy and stabil-

ity achieved by our proposed FlexUOD framework across
a diverse range of contamination factors and various bench-
mark datasets. Our FlexUOD method attains SOTA results
in almost all experiments. Notably, even with non-aligned,
low-resolution datasets such as CIFAR-10 and CIFAR-100,
which are known to present challenges [43], our method
surpasses the current SOTA AUC scores by margins of 6%
and 3%, respectively. Furthermore, we observe a signif-
icant enhancement in performance with improved feature
representation. For example, for the MIT-Places dataset, the
AUC score improves from 0.877 using the ResNet-50 fea-
ture to 0.979 with CLIP. Tab. 2 underscores the promising
performance observed on the MNIST and Fashion-MNIST
datasets. This is particularly noteworthy considering that
our framework operates solely on raw pixel features, em-
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Table 2. Average results on Gray-scale datasets.

Method MNIST [30] Fashion-MNIST [59]
AUC PR-I PR-O AUC PR-I PR-O

OCSVM 0.815 0.880 0.564 0.828 0.886 0.636
IF 0.769 0.889 0.425 0.853 0.921 0.606
INNE 0.872 0.930 0.621 0.796 0.894 0.456
D-SVDD 0.561 0.770 0.299 0.568 0.777 0.313
RSRAE 0.871 0.917 0.667 0.781 0.889 0.523
GOAD 0.866 0.927 0.614 0.871 0.925 0.682
Shell-Re 0.709 0.925 0.432 0.769 0.921 0.477
NeuTraL 0.766 0.849 0.504 0.787 0.874 0.526
ICL 0.865 0.918 0.662 0.812 0.888 0.603
LUNAR 0.761 0.815 0.581 0.719 0.827 0.451
ECOD 0.722 0.841 0.436 0.801 0.896 0.536
LVAD 0.898 0.944 0.670 0.849 0.916 0.646
SLAD 0.845 0.909 0.592 0.839 0.909 0.604
DeepIF 0.811 0.898 0.527 0.806 0.888 0.613
Multi-T 0.868 0.932 0.609 0.874 0.931 0.663
FlexUOD 0.906 0.959 0.667 0.873 0.931 0.682

ploying a simpler approach compared to deep learning so-
lutions, e.g., GOAD [6].

Table 3. AUC results on MVTec-AD dataset. The best results are
highlighted in bold.

Type Category ResNet-50 CLIP
LVAD Shell-Re FlexUOD LVAD Shell-Re FlexUOD

Te
xt

ur
es

Carpet 0.872 0.895 0.983 0.877 0.964 0.983
Grid 0.516 0.497 0.442 0.662 0.587 0.824
Leather 0.997 0.997 1.000 1.000 0.998 1.000
Tile 0.977 0.984 0.987 0.940 0.925 0.990
Wood 0.972 0.616 0.984 0.976 0.794 0.991

O
bj

ec
ts

Bottle 0.941 0.909 0.972 0.816 0.801 0.992
Cable 0.795 0.599 0.792 0.659 0.362 0.733
Capsule 0.679 0.583 0.628 0.546 0.647 0.656
Hazelnut 0.829 0.628 0.693 0.797 0.694 0.846
Metal Nut 0.798 0.585 0.717 0.703 0.677 0.836
Pill 0.687 0.613 0.688 0.681 0.646 0.676
Screw 0.578 0.510 0.516 0.488 0.599 0.583
Toothbrush 0.699 0.609 0.891 0.714 0.663 0.776
Transistor 0.761 0.729 0.843 0.735 0.644 0.711
Zipper 0.889 0.859 0.955 0.748 0.840 0.909
Average 0.799 0.707 0.806 0.756 0.723 0.834
P75 (75th percentile) 0.915 0.877 0.977 0.846 0.820 0.987

Table 4. AUC results on medical-AD datasets.

Method HIS BrainMRI LiverCT RESC
Shell-Re 0.443 0.671 0.732 0.818
LVAD 0.663 0.632 0.640 0.787
FlexUOD 0.708 0.746 0.711 0.948

Table 5. AUC results on tabular-AD datasets.

Method fraud http Lymphography pendigits shuttle WBC WDBC WINE
Shell-Re 0.607 0.568 0.415 0.541 0.803 0.975 0.400 0.853
LVAD 0.954 0.994 0.981 0.882 0.879 0.837 0.954 0.876
FlexUOD 0.955 0.994 0.985 0.919 0.987 0.914 0.943 0.921

Evaluation for Anomaly Detection. Industrial defect de-
tection datasets (e.g., MVTec-AD) are usually patch/pixel-
level contaminated instead of semantic-level, i.e., out-
lier detection. To maintain the evaluation consistency,
we still use the default feature and FlexUOD statistically

outperforms the LVAD and Shell-Re, as shown in Tab.
3. As defect detection is previously utilized for semi-
supervised/few-shot scenarios [23, 31, 48], the unsuper-
vised method is usually not the best solution, especially
for some challenging categories. However, we still obtain
high efficacy on ”Carpet” (AUC: 0.983), ”Leather” (1.000),
”Tile” (0.990), ”Wood” (0.991) and ”bottle” (0.992). Ad-
ditionally, Tab. 4 and 5 show the superiority of FlexUOD
that can be generalized to medical images and even some
non-image, i.e., tabular datasets.

Table 6. F1-score comparison with threshold learning methods.

Method STL-10 Internet CIFAR-10 CIFAR-100
CLF [5] 0.638 0.624 0.479 0.514
CPD [54] 0.613 0.618 0.560 0.602
DECOMP [8] 0.607 0.615 0.553 0.591
EB [17] 0.504 0.505 0.470 0.500
HIST [53] 0.560 0.572 0.582 0.586
FILTER [20] 0.611 0.538 0.599 0.583
FGD [45] 0.652 0.659 0.519 0.522
MOLL [25] 0.423 0.419 0.410 0.434
META [63] 0.617 0.515 0.551 0.508
KARCH [1] 0.660 0.671 0.585 0.611
QMCD [24] 0.136 0.129 0.181 0.166
REGR [2] 0.583 0.628 0.601 0.624
FlexUOD 0.687 0.683 0.645 0.653

Evaluation for Threshold Learning. Traditional UOD is
usually considered an outlier score ranking task, and its
main objective is to have a discriminative outlier score func-
tion. Nevertheless, without the threshold (decision bound-
ary), the real applications of UOD methods will be largely
limited. Interestingly, although FlexUOD does not involve
an explicit threshold learning procedure, our estimated con-
tamination factor can be an effective threshold, as evaluated
in Tab. 6.

Table 7. Timing is measured with ResNet-50 features. CPU refers
to the Apple M2 Pro chip while GPU refers to one NVIDIA A100.

Method Device # Features
1,000 (sec.) 10,000 (sec.)

GOAD GPU 14.06 157.1
ICL GPU 18.48 180.4
SLAD GPU 15.75 108.5
OCSVM CPU 1.293 20.99
ECOD CPU 1.283 4.747
LVAD CPU 8.057 101.9
Multi-T CPU 0.167 0.472
FlexUOD CPU 0.118 0.404

Discussions. To be deemed a desirable real-world unsu-
pervised image outlier detector, the method should demon-
strate both effectiveness/stability and efficiency across dif-
ferent benchmark datasets (as evaluated in Tab. 1, 2, 3),
various feature representations (as evaluated in Tab. 1, 2)
and a wide range of contamination factors (as evaluated in
Tab. 1, 2). Notably, many existing methods exhibit domain-
specific (e.g., RSRAE), feature-specific (e.g., IF, ECOD)
or contamination factor-specific (e.g., OCSVM, Shell-Re,
LVAD, ICL, etc.) characteristics, while FlexUOD appears
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Figure 9. The outlier score progressively decreases from left to right and from top to bottom. Notably, ”unusual” airplane images, such as
those depicting passengers, cockpits, and windows, register higher FlexUOD outlier scores than typical airplane images.

to strike a good balance across diverse performance scenar-
ios. Despite lacking widely used feature refinement pro-
cedures such as self-supervised learning, FlexUOD consis-
tently outperforms existing methods. In Tab. 7, our solution
not only excels in accuracy but also speed. More impor-
tantly, Fig. 8 demonstrates that our framework can signifi-
cantly enhance the stability of existing methods.

Table 8. Ablation study for our FlexUOD framework.

Dataset Baseline (Eq. 5) +Bray-Curtis (Eq. 7) FlexUOD (Eq. 10)
STL-10 0.950 0.963 (+1.4%) 0.980 (+3.2%)
CIFAR-10 0.870 0.919 (+5.6%) 0.942 (+8.3%)
CIFAR-100 0.891 0.933 (+4.7%) 0.947 (+6.3%)
MNIST 0.861 0.877 (+1.9%) 0.906 (+5.2%)

5.3. Ablation Study
As there remain some concerns regarding the extent to
which components and parameters contributed to the Flex-
UOD framework, we conduct ablation studies on four
benchmark datasets, and AUC results are averaged on
ResNet-50 and CLIP features excluding the MNIST dataset.
Compared with the basic approach (Eq. 5), our proposed
two stages (Sec. 4.2.2 and 4.3) improve the performance by
3.2%-8.3%, as shown in Tab. 8. Besides, Tab. 9 shows our
default ϕ values (Eq. 9) are both effective and stable.

5.4. Qualitative Result
The outliers identified in our numerical evaluations repre-
sent instances that deviate from the inlier/normal distribu-
tion. Equally crucial is our method’s capability to address
in-distribution outliers, such as passengers or cockpit im-
ages within the airplane class. Fig. 9 shows the ranking
of internet-crawled airplane images, sorted by their outlier
scores. These findings intuitively align with expectations
and underscore the potential value of our proposed unsu-
pervised outlier detector in tasks like data cleaning and or-
ganization.

Table 9. Average AUC results are reported with different ϕ-pairs
(Eq. 9) of FlexUOD. {0.1, 0.3} is the default parameter, which
shows an overall stability.

Dataset {0.1, 0.3} {0.1, 0.2} {0.1, 0.4} {0.05, 0.1} {0.05, 0.2}
STL-10 0.980 0.979 0.980 0.975 0.978
CIFAR-10 0.942 0.939 0.946 0.934 0.939
CIFAR-100 0.947 0.942 0.951 0.933 0.940
MNIST 0.906 0.899 0.899 0.887 0.895
Dataset {0.05, 0.3} {0.05, 0.4} {0.2, 0.3} {0.2, 0.4} {0.3, 0.4}
STL-10 0.980 0.980 0.979 0.979 0.977
CIFAR-10 0.943 0.945 0.941 0.944 0.935
CIFAR-100 0.945 0.948 0.948 0.951 0.948
MNIST 0.898 0.896 0.900 0.898 0.897

6. Limitation
As FlexUOD is built upon the analysis of entire image data,
it might become less effective on some anomaly segmenta-
tion/localization tasks [11], which is our future direction.

7. Conclusion
In this paper, we address the instability issue in UOD tasks
by introducing the FlexUOD framework. It is designed to
be aware of the contamination factor, enabling it to auto-
matically select the appropriate method based on the esti-
mated contamination factor. Our evaluation demonstrates
that FlexUOD offers high efficacy and stability across di-
verse experimental setups. Additionally, FlexUOD is distin-
guished by its training-free approach and lightweight archi-
tecture, which facilitate easy integration with existing meth-
ods and practical deployment in real-world visual systems.
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[55] Miryam Elizabeth Villa-Pérez, Miguel A Alvarez-Carmona,
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