
ERK'2025, Portorož, 446-450 446

Introducing DIAD: A Novel Metric for Assessing the Difficulty
of Anomaly Detection Problems

Jure Pahor1, Danijel Skočaj1
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Abstract
Assessing the complexity of anomaly detection tasks is
essential for benchmarking datasets and models as well
as for understanding the problem domains. While nu-
merous anomaly detection methods have been developed,
there remains a need for a simple, learning-free metric
to estimate the difficulty of a given anomaly detection
task. In this paper, we introduce DIAD (Difficulty Index
for Anomaly Detection), a lightweight metric designed to
quantify task difficulty without requiring model training
or inference. DIAD builds upon and extends the recently
proposed AD3 metric by incorporating both the saliency
of anomalies and the heterogeneity of normal appear-
ance across the dataset. We evaluate DIAD on five widely
used visual anomaly detection datasets and compare its
scores with the observed performance of three state-of-
the-art detection models. Results show that DIAD cor-
relates more consistently with model performance than
AD3, offering a practical and interpretable tool for as-
sessing the complexity of anomaly detection problems.

1 Introduction
Visual anomaly detection is a fundamental task in com-
puter vision that involves identifying patterns that deviate
from expected visual characteristics. The primary chal-
lenge lies in distinguishing subtle irregularities from nor-
mal data, particularly under diverse and complex visual
conditions.

While a wide range of anomaly detection methods are
proposed each year, new and diverse problem domains
continue to emerge. This raises the need for a simple,
learning-free metric that can estimate the inherent diffi-
culty of an anomaly detection problem—without relying
on the execution of computationally expensive models.

To address this, the AD3 metric [3] was recently pro-
posed as a quick method for assessing surface anomaly
detection difficulty based on anomaly saliency. It consid-
ers two key visual factors: anomaly size, as larger anoma-
lies are typically easier to detect, and appearance simi-
larity, since anomalies that closely resemble the object’s
surface are naturally harder to identify.

However, AD3 operates at the level of individual im-
ages and does not account for broader dataset-level char-
acteristics, such as the variability of normal appearance.
We hypothesise that anomaly detection difficulty is also

determined by how homogeneous the normal class is -
across the dataset: the more heterogeneous the normal
appearance, the harder it is to model and, in turn, to de-
tect deviations from it.

In this paper, we introduce DIAD (Difficulty Index
for Anomaly Detection), a metric that builds on both in-
sights: anomalies are easier to detect when they are salient
and occur on visually uniform surfaces, and conversely,
non-salient anomalies in heterogeneous contexts pose a
greater challenge.

To demonstrate the practicality and interpretability of
DIAD, we apply it to several widely used anomaly detec-
tion datasets [3, 4, 2, 8, 7]. Our experiments show that
DIAD correlates well with the observed performance of
state-of-the-art anomaly detection models [1, 5, 6], serv-
ing as a lightweight and effective proxy for estimating
task difficulty.

2 Difficulty Index for Anomaly Detection
We build our work on the AD3 score [3]. The AD3 score
aims to estimate the salience of anomalies—that is, how
easily they can be detected. It considers two key fac-
tors: the relative size of the anomalies and the appearance
difference between anomalies and the normal object. In
our work, we slightly modify this metric and extend it to
also account for the heterogeneity of normal appearance,
which can significantly affect detection difficulty.

2.1 Saliency of anomalies
Our adjusted version of the AD3 metric uses the same
two components as the original [3] but slightly altered, to
better model the problem. The relative area of defect Ar

is described by

Ar =
Ad

Ai
, (1)

where Ad represents the number of defective pixels and
Ai the total number of pixels in the image.

The appearance difference between anomalies and nor-
mal regions is quantified using the Similarity of Histo-
grams (SiH) of the corresponding areas. Unlike the orig-
inal formulation in [3], we derive the colour reference
solely from the immediate neighbourhood of the defect,
as this region has a significantly stronger influence on the
anomaly’s saliency than the rest of the object. We define
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the neighbourhood by applying two iterations of morpho-
logical dilation using an elliptical kernel, where the ker-
nel’s width and height are set to 5% of the image’s width
and height, respectively.

The adjusted Similarity of Histograms SiH∗ is calcu-
lated channel-wise, and then averaged over all three chan-
nels:

SiH∗ =
1

C

C∑
c=1

1

Ad∪n

B∑
b=1

∣∣hc,d(b)− hc,n(b)
∣∣ , (2)

where C is the number of channels, B is the number of
bins, hc,d is the colour histogram of the defective area
and hc,n is the histogram of its neighbourhood. Note that
d∩n = ∅. The value is normalised with the total number
of pixels in the anomaly and in its neighbourhood Ad∪n.

Using Ar and SiH∗, we compute our proposed met-
ric, similarly as in [3], as the harmonic mean of the two,
highlighting the equal importance of both factors. To ob-
tain the average anomaly saliency for a given object class,
we average the resulting values across all Ndefect defec-
tive samples:

AD3∗ =
1

Ndefect

Ndefect∑
k=1

2 · SiH∗ ·
√
Ar

SiH∗ +
√
Ar

. (3)

AD3∗ now represents the average anomaly saliency for
the whole object category, i.e. the problem domain.

2.2 Heterogeneity of normality
To quantify both the heterogeneity of the object’s normal
appearance as well as the variability of its rotations and
positions within the dataset, we utilise mean squared er-
ror (MSE) between the current image and the mean image
of the object I = 1

Ntrain

∑Ntrain

i=1 Ii:

MSEi =
1

CWH

∑
c,x,y

(
pc,x,y(I)− pc,x,y(I)

)2
, (4)

where W,H are image dimensions and pc,x,y is the pixel
value at position (x, y) for channel c.

We can now compute the average mean squared error
for the chosen object:

MSE =
1

Ntrain

Ntrain∑
i=1

MSEi, (5)

where Ntrain is the number of training samples.
When comparing different datasets, it is useful to con-

strain the scores to the interval [0, 1]. To achieve this, we
first standardise the input score x and then apply the sig-
moid function:

σ : R → (0, 1), σ(x, µ, σ) =
1

1 + e−
x−µ
σ

, (6)

where µ and σ are the mean value and the standard devi-
ation of the target distribution. This transformation en-
sures that the resulting values are comparable across -
datasets, regardless of their original scale or distribution.

Using (6), we map the values of MSE to the interval
between 0 and 1 and get a representative score of Hetero-
geneity of Normality - HtgN, as defined by the following
equation:

HtgN = σ(MSE, µMSE, σMSE). (7)

Since a larger number of training images typically
leads to a better representation and understanding of the
problem, it inherently reduces the impact of the hetero-
geneity of normality and the dataset’s variability on ano-
maly detection difficulty. This is because such variabil-
ity becomes well represented within the training set. To
account for this, we introduce the unpredictability coeffi-
cient u, defined as:

u = σ(−Ntrain,−µNtrain , σNtrain) , (8)

and compute the raw difficulty score as:

DIAD∗ =
HtgNu

AD3∗
, (9)

where u reduces the influence of HtgN when the num-
ber of training samples is sufficiently large, effectively
pulling it closer to 1.

Finally, to ensure that the final difficulty score is in
the range [0, 1], we apply the sigmoid function (6):

DIAD = σ(DIAD∗, µDIAD∗ , σDIAD∗) . (10)

The equations (7), (8), and (10) require correspond-
ing mean and standard deviation parameters. We estimate
these parameters by computing the approximate mean and
standard deviation values across five different datasets [3,
4, 2, 7, 8], which together provide a sufficiently large and
diverse set of data points for robust modelling of the prob-
lem. The values used are defined in Table 1.

Table 1: Mean and standard deviation values used for nor-
malisation.

µMSE = 2000 σMSE = 1300
µNtrain

= 600 σNtrain
= 900

µDIAD∗ = 8 σDIAD∗ = 6

3 Experiments
3.1 Datasets
In our work we used five widely used anomaly detec-
tion datasets: MVTec-AD [2], a benchmark dataset com-
monly employed in anomaly detection, consisting of 15
object categories; VisA [8], another frequently used ano-
maly detection dataset containing images from 12 object
categories, including some with multiple objects per im-
age; BTAD, featuring three object categories; and two
recently introduced multi-view datasets - meaning a sin-
gle object is observed from multiple cameras, VIADUCT
[3] with 49 object categories and Real-IAD [7] with 15.
Examples of three objects from each dataset are shown
in Figure 1, as well as the intra-class variability present
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(a) (b)

Figure 1: (a) Images from 3 selected object categories for each dataset. (b) Description consisting of dataset name,
object name, DIAD, AD3∗, HtgN and detection AUC for PatchCore, and 6 random training images along with the
mean image I .

within a single object category for selected examples. By
selecting this diverse set of datasets, we cover all ma-
jor publicly available anomaly detection benchmarks and
ensure broad representation of the problem distribution
across different domains.

We used these five datasets both for estimating the
general anomaly detection parameters, as described in the
previous section, and for assessing the difficulty of these
datasets as well as for evaluating the effectiveness of the
proposed DIAD score.

3.2 Methods
We expect the difficulty score to negatively correlate with
the performance of anomaly detection methods on the
same dataset, as more difficult problems are inherently
harder to solve. To validate this assumption, we selected
three state-of-the-art anomaly detection models [1, 5, 6],
each representing one of the main paradigms commonly
found in the literature.

Reconstruction methods learn to reproduce only nor-
mal images—since anomalies (absent from the training
set) are reconstructed poorly, comparing the input to its
reconstruction reveals anomalies. For this approach, we
have chosen EfficientAD [1].

Building on this, discriminative methods rely on the
idea that anomalies can be simulated. In practice, anoma-
lies are artificially injected into otherwise normal training
images, and the model learns to identify these synthetic
anomalies. For this approach, we used SuperSimpleNet
[5].

Embedding-based methods rely on similarity embed-
dings: a deep convolutional neural network is used to ex-
tract feature vectors. The key idea is that features from
normal samples form tight clusters in the embedding space,
whereas those representing anomalies lie far apart. For
this approach, we employed PatchCore [6].

3.3 Results
To obtain the results, we used the anomaly detection meth-
ods mentioned above [1, 5, 6] with an input size of 256×
256. For each object in each dataset [3, 4, 2, 8, 7], we
first computed the DIAD score, and then the image-level
AUC (AUC Image) as the detection performance metric
for all three anomaly detection models. For the two multi-
view datasets [3, 7], the experiments were conducted by
treating all images—regardless of viewpoint—as part of
a single dataset.

Five individual results—one object per dataset—are
shown in Figure 1. The figure depicts the calculated val-
ues of DIAD and AD3∗, alongside the performance of
the PatchCore method. We observe that performance,
measured as Image AUC, tends to decrease as DIAD in-
creases, i.e., when the corresponding object dataset is
deemed more difficult for anomaly detection.

More comprehensive results, covering all object data-
sets, are presented in Figure 2. The figure compares the
computed AD3∗ and DIAD scores with the performance
of the PatchCore method [6]. In both cases, we observe a
moderate correlation between the dataset difficulty score
and the performance of the detection model. The corre-
lation is positive for AD3∗, as it reflects the saliency of
anomalies — more salient (i.e., easier-to-detect) anoma-
lies lead to higher model performance. In contrast, the
correlation is negative for DIAD, since it explicitly mea-
sures detection difficulty — higher DIAD scores indicate
harder problems and thus lower expected performance.
Notably, the correlation is slightly stronger in the case of
DIAD. The results indicate that it is indeed possible to es-
timate the problem’s difficulty without running compute-
heavy models.

It is also worth noting that all values of AD3∗ are
clustered within a narrow range and consistent with the
findings reported in the original paper [3]. In contrast,
our proposed metric DIAD spans most of the interval
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Figure 2: Scatter plot comparison of AD3∗ and DIAD scores with detection AUC for PatchCore [6]. Each point
represents the average score for a (dataset, object) pair. Points marked by x correspond to the objects shown in Fig. 1.
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Figure 3: The correlation between HtgN, HtgNu, AD3∗, and DIAD and the detection performance (AUC Image).

from 0 to 1, providing better insight into the problem’s
difficulty, as its values are more interpretable and spread
across a wider range. This interpretability is important: if
the DIAD value is close to 1, we can confidently say that
the anomaly detection task is very challenging.

Figure 3 summarizes the results and shows the corre-
lation for all three evaluated methods. The correlation is
computed as R2, the squared Pearson coefficient, across
all data points, each represented as a (dataset, object) pair.
It demonstrates that the proposed DIAD score exhibits
a stronger (negative) correlation with detection perfor-
mance than using AD3∗ alone [3], regardless of which
anomaly detection method is used. Furthermore, Table 2
shows that, when metrics are evaluated per dataset, the
proposed DIAD score generally outperforms AD3∗[3].
The only notable exception is the BTAD dataset [4], which
contains only three object categories. In such a small
dataset, even a single outlier can significantly skew the
correlation coefficient, which likely explains DIAD’s wea-
ker performance in this case.

4 Conclusion
We have presented a new approach for estimating the dif-
ficulty of surface anomaly detection problems that con-
siders not only the saliency of anomalies, but also the
variability of training images and the heterogeneity of
normal object appearance. Our proposed metric, DIAD,
builds on and extends the AD3 framework by incorporat-

Dataset / Model EfficientAD SuperSimpleNet PatchCore

AD3∗↑ DIAD↓ AD3∗↑ DIAD↓ AD3∗↑ DIAD↓
BTAD 0.60 0.98 0.60 0.98 0.59 0.98
MVTec-AD 0.05 –0.30 0.43 –0.60 0.61 –0.64
Real-IAD 0.25 –0.29 0.36 –0.45 0.32 –0.35
VIADUCT 0.38 –0.43 0.46 –0.55 0.53 –0.58
VisA 0.08 –0.02 0.48 –0.61 0.48 –0.65

Table 2: Pearson’s correlation coefficient between AD3∗

(higher is better) and DIAD (lower is better) to the de-
tection AUC. The coefficient for the better score is bold
- if the DIAD score is negative and its absolute value is
higher than AD3 score, it is considered better.

ing dataset-level characteristics that affect anomaly de-
tection performance.

Through extensive evaluation on five publicly avail-
able datasets, we have shown that DIAD correlates more
reliably with model performance than AD3 across multi-
ple detection methods. This makes DIAD a practical and
interpretable proxy for task difficulty, suitable for bench-
marking new datasets or guiding method selection with-
out requiring training or inference.

In future work, DIAD could be further refined to sup-
port other types of anomaly detection, and incorporated
into automated dataset analysis pipelines, helping prac-
titioners better understand and design anomaly detection
problems.
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