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ABSTRACT

Clustering of image data is the process of sorting images into groups that exhibit similarities. During the clustering
process, images are first reduced into feature vectors and then the statistics of their features are used for placing them
into statistically similar groups. Systems that collect images during their operation (e.g. autonomous ground vehicles,
satellites, etc.) create large data sets that ideally need to be sorted with minimal human effort. K-means is one of the
most widely used methods for automatically sorting images. However, it is heavily influenced by initializations, the
most important one being the need to know the number of clusters a priori. In order to overcome the latter
shortcoming, validity indices have been used throughout the years to find the optimal number of clusters that the data
should be separated in. The work presented in this paper comprises an Extension to the Variance Ratio Criterion (E-
VRC) that when combined with the K-means can cluster image data of high content variance, without the need to
input any information like the number of expected clusters, thus, it operates in an unsupervised manner. Comparisons
with other available unsupervised methods is discussed in order to demonstrate the superior performance of the new
E-VRC method and its benefits. Several publically available image datasets are used in the comparative studies. The
robustness of the E-VRC method is also demonstrated by processing datasets with imbalances in their contents (i.e.
many more images from certain clusters compared to the rest clusters) and by processing mixed datasets (i.e.
comprised by very diverse types of images). It is concluded that the E-VRC does not dependent on initializations,
does not care about the data dimensionality nor the content randomness and it is therefore a great tool for efficiently
estimating the number of clusters and performing the clustering of image data.
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INTRODUCTION

Clustering of image data is the process of sorting images into groups that exhibit similarities. During the clustering
process, images are first reduced into feature vectors using a feature extractor [1]. The statistics of their features are
used for placing them into statistically similar groups. Military systems that collect images during their operation (e.g.
autonomous ground vehicles, satellites, etc.) create large data sets that ideally need to be sorted with minimal human
effort. K-means [2] is a widely used statistical method of sorting a large number of vectors into a prescribed number
of groups of similar members. The K-means method works well when there is a-priori knowledge of how many
different types of members exist within the data set that is processed.

In order to overcome the shortcoming of having to specify the number of clusters in order to perform the sorting,
validity indices have been used to determine in an unsupervised manner the optimal number of clusters in which the
data should be separated in. Some of these are the Bayesian information criterion (BIC) [3], Akaike information
criterion (AIC) [4], Dunn’s index [5], Davies-Bouldin index (DB) [6], Silhouette Width (SW) [7] and gap statistic [8].
Recent advances in clustering techniques have shown that there are many ways to address the challenges of
unsupervised clustering, including the need to determine the appropriate number of clusters and deal with high-
dimensional and noisy data. For instance, some studies have proposed robust subspace clustering models using
Mixture of Gaussians (MoG) noise modeling strategy [9], while others have proposed improved K-means algorithms
that introduce ambiguity as a new constraint condition to reduce sensitivity to special data points [10]. Furthermore,
there have been neural-processor-based k-means clustering techniques proposed to handle big data clustering over the
network [11], and novel methods to reduce background-induced domain shift for adaptive person re-identification
[12]. Additionally, some studies have proposed multi-modal 3D shape clustering methods, such as the dual contrastive
learning network (DCL-Net), to discover the clustering partitions of unlabeled 3D shapes [13].

In this paper, we focus on the challenges of unsupervised clustering of images, particularly in the context of the K-
means clustering method. We present a method that comprises an Extension to the Variance Ratio Criterion (E-VRC)
and it is based on the Variance Ratio Criterion (VRC) method [14]. The new formulation enables the K-means to
cluster image data, without the need to input any information, such as the number of true image classes. We use the
term E-VRC for the new extension of the VRC method presented in this paper. Comparisons with the popular
unsupervised methods discussed in the “RELATED WORK?” section are presented showing the superiority of the
proposed method and its unique capabilities. Finally, we demonstrate that the E-VRC is a robust method that a) is not
dependent on initializations, b) does not care about the data dimensionality nor the content randomness and c) can be
used as a tool for efficiently estimating the number of clusters and performing the clustering of image data.

RELATED WORK

In this paper, the performance of the new E-VRC method is compared to three other methods for unsupervised
clustering: X-means [15], the U-k-means presented in [16], and a method that uses Principal Component Analysis

VITSEC 2023 Paper No. 23176 Page 2 of 10



2023 Interservice/Industry Training, Simulation, and Education Conference (I/ITSEC)

(PCA) for reducing the dimensionality of the feature vectors before incorporating the VRC criterions for determining
the optimal number of clusters [17].

X-means [15]

The X-means uses the AIC and the BIC indices for determining the number of clusters in a dataset. This is done by
incorporating a metric that measures how well the model fits the data but also by penalizing the model for having too
many clusters. X-means is a hierarchical clustering method that starts with a user-defined lower-bound number of
clusters K and continues to add cluster centroids where needed until a prescribed upper bound is reached. For each
number of clusters the original K-means algorithms is used for conducting the sorting (Improve-Params operation).
The additional centroids appear when -based on the BIC or AIC metric- the algorithm decides that a cluster needs to
split (Improve-Structure operation). The algorithm oscillates between the Improve-Params and Improve-Structure
operations until the upper bound K is reached. During this process, the number of clusters that achieves the best score
in the X-means metric and the associated sorting is recorded and outputted as the final result.

U-k-means [16]

The unsupervised k-means (U-k-means) algorithm automatically determines the optimal number of clusters for a given
set of data points without relying on any parameter selection by the user. This is achieved by optimizing a version of
the k-means cost function augmented with two entropy terms. One term produces a penalty when there are too many
clusters and the other produces a penalty when the clusters are imbalanced. The U-k-means algorithm is unique
because, although it is based on the K-means, it does not utilize the algorithm itself at any point. Instead, the solution
is achieved by equating the Lagrangian of the augmented cost function to zero. Although unique in nature, the U-k-
means algorithm performs well in a very strict data domain (i.e., low number of true clusters and data dimensionality).
In [16] the algorithm was tested only on low-dimensional data (2D and 3D), which were grouped into a relatively low
number of true clusters (14 at most).

PCA-VRC method [17]

A high quality clustering is expected to simultaneously have the cluster centroids far apart from each other and the
cluster members close to the respective centroids. The VRC indicator is comprised by two terms: the attractive term
W and the repulsive term B. For any clustering W is evaluated as:

W= i S — Xl €]
where K is the total number of clusters, n, is the total number of members X; in each cluster k and
o 1 n
X = - Yk X 2
is the centroid of each cluster k given the total number of cluster members n,,. The repulsive term B is evaluated as:
B = ¥i_im X — X113 3)

where X is the centroid when considering all members n in the entire dataset. A good clustering arrangement means
that the distance W is minimized while B is maximized. Therefore, the VRC indicator is defined as [14]:

B (n—K)

VRC = T

“

where n is the total number of points within the dataset and K is the number of clusters that is being considered in
each iteration of the method. The authors in [14] suggest that in order to find the optimal number of clusters, clustering
arrangements with K =2, 3, ..., K,,,,, are considered and the number of correct number of clusters is selected when
the VRC becomes maximum. In this manner, the distance W is minimized while B is maximized globally across all
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data points. Reference [17] used a PCA for reducing the dimensionality of the data before employing the VRC
approach for selecting the appropriate number of clusters and considering the associated sorting as the final clustering.

EXPANDED VARIANCE RATIO CRITERION (E-VRC) METHOD

In this paper, we address the difficulties faced when the VRC is used in computer vision and image clustering (i.e. the
VRC does not scale for high dimensionality and high true cluster number datasets). The VRC index is a quantity
describing the degree of inter-cluster separation (Equation 3) and intra-cluster homogeneity (Equation 1). In this
research we have identified two cases where the VRC index loses its ability to accurately point to the correct number
of clusters: a) when the dimension of the features space is big (i.e. when image features have hundreds of elements)
and b) when the image content diversity is big (i.e. when datasets include more than 15 image classes). We introduce
the normalization of image features and the addition of an exponent term to Equation (4). These two changes to the
VRC index calculation can remedy both aforementioned problems.

In [2] “Survey of Clustering Data Mining Techniques”, it is observed that vectors used in clustering algorithms are
known to work effectively for dimensions below 16, while for dimensions above 20 their performance degrades to the
level of sequential search (with some exceptions). Two solutions to the problem of high dimensionality have been
proposed. The first is domain decomposition which is used when there is large data with many clusters and there is
no actual dimension reduction [18]. The second is attributes transformations which are simple functions of existent
attributes with popular methods being the principal components analysis (PCA) [19, 20], Singular value
decomposition (SVD) [21, 22], Low-frequency Fourier harmonics in conjunction with Parseval’s theorem [23],
wavelets and many other kinds of transformations [24].

Both approaches serve as “band-aids” to the core problem of the method (they can be useful in some situations but
ultimately do not address the fundamental problem) and therefore are often problematic since they produce clusters
with poor interpretability or lead to loss of information. The results presented here demonstrate that we can normalize
the image feature vectors using the Euclidean norm (Xnorm = X/|X]). This normalization enables the VRC method to
solve multi-dimensional problems, as the direction of the vectors in the feature space is necessary for the solution of
the problem whereas the magnitude (dimension) is not. Therefore, the first shortcoming of the VRC method is
addressed by reducing dimensionality when only interested into the direction, but without losing information.

The second limitation of the VRC method is that it does not scale for datasets with a higher number of classes. This
is because of the nature of Equation (4) which was devised with low values of K in mind. For datasets that do not
contain many data points and that should only be split into a handful of clusters, the B and W multipliers are relatively
balanced. This does not hold true when the desired number of clusters is increased. By introducing an exponent term
p < 1 in the K term of the B multiplier, as shown in Equation (5), we restore this balance by diminishing the effect
that a large K value has in reducing the numerator.

B (n—KP)

EV = W (K-1)

)

Where EV is the value of the E-VRC criterion. The next section (Robustness) demonstrates how the performance of
the new metric is robust over a range of p values when processing a diverse variety of datasets. The Euclidean
normalization of the features in combination with adding the exponent in the VRC equation are the two key aspects
of the new E-VRC algorithm presented in this paper. Algorithm 1 summarizes the operation of the E-VRC method.
The range of robust values for the exponent p is determined and their effects are discussed in the Robustness Section.
In all other tests presented in the paper the value remains constant p = 0.3. For any given image dataset, with K =
2 and Kiop < n Algorithm 1 performs the unsupervised clustering.

Given a dataset of images, the E-VRC algorithm determines the number of clusters in the dataset and at the same time
it places the images into clusters. We tested the E-VRC algorithm using two popular image datasets, ImageNet1000
(noted as ImageNet) [25] and Caltech256 (noted as Caltech) [26]. These datasets are representative of industrial
applications but available in the public domain. We selected the first 50 classes from the Caltech256 dataset, as they
are diverse enough, whereas we selected to use every 10 classes from ImageNet as the dataset classes are ordered
based on the nature of the image contents (the classes list begins with wildlife content and continues to general imagery
objects). A third “Mixed” data set is created and used in the testing. Half of the images originate from ImageNet
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while the other half originates from MIT Places [27]. Figure 1 presents representative images from the three datasets
used in this paper. The determination of the upper limit of clusters (Kswop) is not of high importance, as in other
hierarchical clustering algorithms, as the performance of the E-VRC parameter in Figure 2 shows when a build-in
termination criterion (if statement in Algorithm 1) is used.

Algorithm 1 Extended Variance Ratio Criterion (E-VRC)

1: Produce Image Features using ResNet34
2. Euclidean Normalization of Features
3 for K = [k—start' A’slap] do

4 Perform K-means using K and Features

5: Calculate E-VRC using K-means clusters

6 Record E-VRC Value (EV)

7: if EVg < [EVk_,,EVk_3,...,EVk _10] then
8 Break For Loop

9 end if

10: end for

11: Find K where EV is maximum (K,,,,.)
122 Perform K-means using K., and Features

ImageNet Caltech
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Figure 1. Representative Images of the Datasets Used for Testing

The features X used in Equations (1) and (3) were produced using a ResNet34 feature extractor that was trained on
the entirety of the ImageNet dataset. ResNet34 is a popular neural network that produces 512 dimension image
vector representations. This paper focuses on performing the unsupervised clustering once the features for the
images are available. Therefore, for simplicity and replicability of our results, we use the PyTorch [28] pre-trained
ResNet34 model for this application. Figure 2 shows the variation in the E-VRC index for values of K = [2, 100]
(Kstart = 2 and Kiop = 100 in Algorithm 1), although the algorithm is terminated earlier, as soon as no further increase
in the E-VRC index is detected. By plotting the E-VRC index over a much longer number of clusters, a consistent
decay of the E-VRC index after reaching its maximum value is demonstrated. Ten different cases are being
explored, for ten different true cluster (classes) values: Ky =5, 10, 15, 20, 25, 30, 35, 40, 45, 50. Each class
included 50 images that were randomly selected from a pool of more than 1200 images. The vertical lines indicate
the maximum E-VRC value for each Ky case. One can observe that the E-VRC index predicts the true number of
clusters in each case with very high accuracy. For the Ky = 10, 15, 20, 25 cases, the algorithm predicts the exact
number of true clusters, whereas for the Kqe = 5, 30, 35, 40, 45, 50 cases, it predicts a number of clusters very close
to the true one. It is important to note that the results presented in Figure 2 present a favorable scenario since the
feature extractor of the pre-trained ResNet34 used for generating the feature vectors of the ImageNet data processed
by the E-VRC was also trained using ImageNet data. Therefore, the quality of the feature vectors used in the
clustering is expected to be high in this case.

Throughout this paper we use the Normalized Mutual Information (NMI) as a metric for determining the quality of
clustering. The NMI is a normalization of the Mutual Information score which scales clustering results between 0
(for clustering arrangements that present no mutual information) and 1 for perfect correlation. It contains
information about how well the number of clusters is assessed and how correctly are images placed in the correct
clusters. We selected this metric as it is normalized, allowing us to compare the clustering arrangements of different
numbers of clusters and pictures. The NMI is a popular external measure [29-31], meaning that the true cluster
labels should be known for its calculation, which is information that we do have in our test studies. Along with the
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comparison between the predicted and true number of clusters (AK) in each run, the NMI is used to evaluate the
performance of the E-VRC.

ImageNet
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Figure 2. Variation of E-VRC Index for the Ten Different True Cluster Number Cases

Figure 3 shows in green the NMI values of the clustering generated using the E-VRC method. We compared the
quality of the E-VRC method by clustering the same datasets with the three other unsupervised clustering methods
discussed in the paper , namely, the PCA VRC [17], the X-means clustering algorithm [15] and the U-k-means
method [16]. Each of the respective lines tracks the mean value for each case. The red line indicates the NMI
accuracy obtained using the K-means method with the true number of clusters as an input. The red line indicates the
best possible clustering performance. The closer an unsupervised clustering method is to the red line, the better it
performs. For each determined K case, ten different runs were performed using 50 different images from each
class to create the testing dataset in order to quantify the uncertainty and the noise in the data. As observed in Figure
3, the E-VRC method outperforms in almost all cases (except for Ky = 5) the other three unsupervised clustering
methods while also producing results similar to the ones produced by a K-means method that uses the true number
of classes as an input. The K-means method is considered to be the best case scenario, as the number of classes is
not calculated by the algorithm itself, but is given as an input.

Supervised K-means results (red line) provide the best possible performance
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Figure 3. Box Plots for the Four Different Unsupervised Methods’ NMI Results

Regardless of the true number of clusters, all methods are evaluated without changing the input parameters of the
algorithm. Both X-means and U-k-means can potentially yield better results if in each case the algorithm input
parameters are adjusted based on the knowledge we have regarding the dataset (i.e., the number of classes in the
dataset and the number of pictures in each class). The PCA VRC method performs poorly due to the fact that
significant information loss occurs when reducing a 512 long feature map to a 3D vector. The success of the E-VRC
method lies on the fact that it scores well without the need to calibrate the algorithm based on the number of classes
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or images per class. It is important to note that the NMI spread in the E-VRC method is significantly lower than the
rest of the methods (especially U-k-means).

Figure 4 presents the respective number of clusters predicted in each run performed in Figure 3. Bubbles present the
cases where different runs predicted the same number of clusters. As mentioned in the Related Work Section, U-k-
means performs well when presented with low K datasets, but fails to scale for higher class variability datasets.
On the contrary, X-means is a superior method for large datasets that include numerous data points and classes but
tends to overestimate K when presented with smaller datasets. This can be remedied by changing algorithmic
parameters such as the minimum cluster membership number or the maximum predicted K. However, parameter
optimization based on prior dataset knowledge defeats the purpose of an unsupervised method. In these results the
X-means performs well for a larger number of K. only because the upper bound of clusters was set to be 50 in the
runs conducted in this paper. As it can be observed, the X-means prediction for the number of clusters tend to
gravitate towards this upper bound. The PCA VRC class prediction seems to be highly random due to the low
feature quality in contrast to the E-VRC method which tends to predict correctly -with a small margin of error- the
number of clusters.

Cluster Prediction Performance for the Different Unsupervised Clustering Methods
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Figure 4. Bubble Plots for the Four Different Unsupervised Methods’ Cluster Prediction.

ROBUSTNESS

The strength of the E-VRC method is that regardless of the size of the dataset or the type of images, the algorithm
does not rely on user defined inputs. This means that both the normalization performed after the feature extraction and
the selection of the p exponent can be universal in such a way that they do not need to be adjusted based on the number
of classes or type of images that are processed.

Exponent Variation

To demonstrate the robustness of the method, we show that the same exponent p can be used for different datasets and
that values between 0.1 and 0.5 provide stable results. This shows that the algorithm does not need to be tuned for
every different case it is presented with. In all the case studies performed in the previous Section, the value of the p
exponent was set to be equal to 0.3. Figure 5 explores the cluster number predictive capability of E-VRC for p values
ranging from 0.1 to 1. Figure 5 shows the cluster prediction error for the different values of p. For all K cases (10
runs each with randomly selected images from each class), we calculate the predicted classes deviation AK = |Kpred —
Kine| and present the variation using box plots. As observed, for the ImageNet dataset exponent values of p = [0.1,
0.6], for the Caltech dataset values of p = [0.1, 0.5], and for the Mixed dataset values p = [0.1, 0.3] succeeded in
predicting the correct number of classes with a relatively small margin of error. The importance of using high quality
features for clustering is demonstrated since the Caltech image features -produced by a feature extractor trained on a
different dataset- present a slightly lower range of exponents yielding good results, and higher AK variability. The
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Mixed dataset comprises the most challenging one of the three since no scenery type of images were included during
the training of the pre-trained feature extractor used for generating the feature vector X for the images employed in
the tests. This paper focuses on performing the unsupervised clustering once the features for the images are available.
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Images per Class Imbalance

For all the different cases studied above, although variability was introduced in the number of classes (i.e., different
tests had different numbers of clusters), the number of images within each class was constant (50 images per class).
However, in an operational setting the different classes would not contain the same number of images. To demonstrate
that the E-VRC method can be used in an operational clustering setting, we introduce a certain amount of image
imbalance between the different classes, showing that the method can cluster datasets that include random number of
images per class.

The results presented in Figure 6 are similar to the results presented in Figures 3 and 4. Each K. case is run 10
different times using different random images from each class. The difference here is that instead of each class
containing 50 images (constant), the number of images per class varied from 10 to 50. Here, in every Kin case, 20%of
the classes included 10 images per class; 20% of the classes had 20 images per class; 20% of the classes had 30 images
per class; 20% of classes had 40 images per class; and the remaining 20% of classes had 50 images per class. Exponent
p retains the value of 0.3 in all results presented in Figure 6.

Imbalanced Datasets Imbalanced Datasets Class Prediction
1 . - 55 - - - - - -
50 o o c0e @ @Po@
09} 45t @ T Go@®
§ 40 o oo @@ e o
08 8ast odiPr » o0 °
[&]
= Saof o (i @ £
[
“ory g s - @
-]
z
r e 00
2 20 Runs
& _
06 15t e oo . .
K-means
10 @ @ ImageNet .
05 —03 B  Caltech || st @ 03 @ cCaltech
p= P B Mixed P =% @ Mixed o 1
0 N
5 10 15 20 25 30 35 40 45 50 0 5 10 15 20 25 30 35 40 45 50 55
True Number of Classes Predicted Number of Classes

Figure 6. Box Plots and Bubble Plots for Highly Imbalanced Datasets
As observed in Figure 6, when faced with an imbalanced dataset, the E-VRC method produces results that are similar

to those presented in Figures 2 and 3. Although a very small drop in the NMI index can be detected, this behavior is
expected as the algorithm is presented with a more challenging clustering problem. However, a similar drop in the
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NMI index is observed when the supervised (i.e. known number of true clusters) K-means clustering method is used
(red lines in Figure 6).

CONCLUSIONS

This paper presents a new method for unsupervised clustering. An algorithm that can efficiently cluster groups of
images without any prior knowledge about them is useful in many applications such as autonomous vehicle navigation
or the creation of deep learning image datasets for training CNNs. Further, it can be used for sorting raw data collected
in the field so that they can be easily used when creating synthetic environments for simulations. The results obtained
by the new method exhibit better performance when compared to three other unsupervised clustering methods. The
robustness of the E-VRC metric in assessing the number of clusters in a dataset is demonstrated. The E-VRC performs
consistently well when processing different datasets that contain both a balanced and an imbalanced number of images
per class. In military ground vehicle applications new unsupervised clustering capability allows for the cross-
correlation of the sorted images with other relevant data to identify significant events and plan for the appropriate
action through control algorithms embedded in the vehicle. Other than its direct use in clustering image datasets,
extensions of this work could lead to new, more efficient and capable unsupervised networks for image feature
extraction. Therefore, this work makes important contributions in unsupervised clustering.
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