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Abstract: One of the critical problems in multiclass classification tasks is the imbalance of the dataset.
This is especially true when using contemporary pre-trained neural networks, where the last layers
of the neural network are retrained. Therefore, large datasets with highly unbalanced classes are not
good for models’ training since the use of such a dataset leads to overfitting and, accordingly, poor
metrics on test and validation datasets. In this paper, the sensitivity to a dataset imbalance of Xception,
ViT-384, ViT-224, VGG19, ResNet34, ResNet50, ResNet101, Inception_v3, DenseNet201, DenseNet161,
DelT was studied using a highly imbalanced dataset of 20,971 images sorted into 7 classes. It is shown
that the best metrics were obtained when using a cropped dataset with augmentation of missing
images in classes up to 15% of the initial number. So, the metrics can be increased by 2-6% compared
to the metrics of the models on the initial unbalanced data set. Moreover, the metrics of the rare
classes’ classification also improved significantly—the True Positive value can be increased by 0.3 or
more. As a result, the best approach to train considered networks on an initially unbalanced dataset
was formulated.

Keywords: deep learning; unbalanced dataset; augmentation; multiclass classification; metrics
boosting method; sota algorithm; visual transformer; ResNet; Xception; inception

1. Introduction

The multiclass classification problem is one of the most common and important tasks
in modern machines and deep learning applications in various fields [1-5]. One such area
is medicine, where the solution to such problems allows for improving the systems of
diagnostics, rehabilitation, and the life quality support of patients. Currently, there are
numerous works devoted to using neural networks for solving classification problems
in medicine.

For example, the classification of cancer on pathological images of cervical tissues
using deep learning algorithms was considered by Pan Huang, et al. in [6]. The authors
used ResNet50 [7], DenseNet12, Inception_v3 [8], and VGGNet19 [9] for an almost balanced
dataset consisting of 468 RGB images, including 150 images of the norm, 85 low-grade
squamous intraepithelial lesions images, and 104 images of high-grade squamous intraep-
ithelial lesions. Swaraj and Verma [10] solved the COVID-19 classification problem on chest
X-ray images. The dataset consisted of 15,371 posterior-to-anterior chest X-ray images.
The authors used LeNet [11], VGG-16 [12], ResNet-50, AlexNet [13], Xception [14] and
Inception_v3 architectures as deep learning models for training. As a result, LeNet showed
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an accuracy of 74.75% on a validation dataset, AlexNet—70.04%, ResNet-50—75.71%,
VGG-16—87.34%, Inception_v3—84.29%, Xception—67.76%. State of art algorithms are
also used for solving actual medical problems. For example, works [15,16] provide an
overview of the application of transformers models for solving various medical problems
related to the analysis of medical images. The types of problems that can be solved by
transformer models, their architecture, and metrics were considered. The paper [17] states
the approach of applying transformers to solving the problem of classifying medical images
of the stage of chronic venous disease for self-diagnosis of a patient by using the image of
the patient’s legs.

Deep learning algorithms are used to solve classification problems in other areas
of science and technology too. Gangsar and Tiwari [18] studied vibration and current
monitoring for effective fault prediction in an induction motor by using multiclass support
vector machine (MSVM) algorithms. Ceyhan et al. [19] shared the results of experiments
aimed at classifying wheat varieties using deep learning methods, which made it possible to
create an original approach for such classification, which can be used in industry, including
on equipment with low memory/small computing power.

Despite the widespread use of deep learning methods, their training faces several
challenges. Therefore, one of the critical problems in multiclass classification tasks is the
imbalance of the dataset. This is especially important when using contemporary pre-trained
neural networks which were mentioned before, where the last layers of the neural network
are retrained. With an unbalanced dataset, the error of relating an object to the correct class
increases, which cannot always be eliminated by changing the training parameters of a
neural network.

Note that most of the data obtained in solving practical problems are not balanced.
This is due to the nature of such problems. For example, most medical datasets are
imbalanced because the distribution of patients according to the stages of the disease is
uneven. Moreover, the distribution of the disease stages of those who sought medical help
is also uneven. The number of correct banking transactions will always be significantly
greater than the number of fraudulent transactions. There are more distinct types of civilian
vehicles than special ones. The distribution of images of different animals that we can use
for classification is also not uniform. There will be more images of domestic animals than
images of rare or wild animals.

There are a number of works devoted to various techniques for increasing the metrics
of training models on an unbalanced dataset. A feasible way to improve the quality of
the classification is to change the number of objects in the dataset by data augmentation,
data mining, etc. It is commonly said that data augmentation can increase the values of
training metrics.

The authors of article [20] propose the modified VGG16 model for the classification of
pneumonia X-ray images. The presented IVGG13 model trained on an augmented dataset
produced good metrics with the F1-measure compared with the best convolutional neural
networks for medical image recognition. At a time when COVID-19 was the most common
in the world, Jain et al. [21] presented an approach to form a classifier neural network for
COVID-19 diagnoses by X-ray images. This approach contained 4 phases including data
augmentation. As shown in [22], the strategy of training used with data augmentation
techniques that avoid overfitting problems on ConvINets shows the best results.

Song et al. [23] used BLogitBoost-], LogitBoost [24], and BABoost [25] methods for
multiclass classification on imbalanced datasets of Thyroid and Glass from the UCI data
repository. Both datasets contained only numerical (non-images) samples. The thyroid
dataset had 3 classes and the sample quantity for each class was 168:368:6666. The glass
dataset consisted of 6 types. The ratio of the sample quantity was 70:76:17:13:9:29. Logit-
Boost algorithm, extended from Adaboost, is an adaptive algorithm that can acquire higher
prediction precision. Because it is based on conditional Bernoulli likelihood without prior
probability in consideration, the LogitBoost algorithm will lead to a high minority class
prediction error. Song et al. [25] propose an improved BLogitBoost, based on a stratified
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normalization method, to deduce the badness of LogitBoost in the case of two-class unbal-
anced data. The authors proposed a new algorithm named BLogitboost-]. The BABoost, in
turn, was also an improved AdaBoost algorithm for unbalanced classification data. The
difference is that in each round of boosting, the BABoost algorithm assigns more weights
to the misclassified examples in the minority class by a user-specified parameter.

Bhadra et al. in [26] classified three different environmental chemical stimuli, using
fifteen statistical features, extracted from the plant electrical signals. They used the imbal-
anced dataset consisting of 37,834 data blocks for three chemical stimuli. The ratio was
628:1488:35718. The authors applied Monte Carlo under-sampling of major classes and they
used eight algorithms (AdaBoost, Decision tree, Gaussian Naive Bayes, k-nearest Neigh-
bors, Multilayer perceptron classifier, Quadratic discriminant analysis, Random Forest, and
Support vector machine) to compare their performance.

Nurrahman et al. [27] solved multiclass classification anemia and iron deficiency
using the XGBoost method. The data set consisted of 11,327 samples into 4 categories.
The sample ratio was as follows: iron deficiency anemia—9.40%; iron deficiency—14.95%;
Anemia—11.93%; Normal—63.72%. The data preprocessing included MissForest impu-
tation (a method for filling gaps in data), feature selection using the Boruta method, and
feature generation using SMOTE. Then they applied the XGBoost classification algorithm.

Meisen and Kraus [28] compare several approaches to deal with the problem of
unbalanced sidescan sonar datasets for classification tasks. They used the imbalanced
dataset consisting of 1290 images for 3 classes. The ratio was 30:630:630. This data was
labeled, normalized, and prepared for use by neural networks. In this paper, they have
introduced a new method of transfer learning for GANs on sidescan sonar data named
TransfGAN which uses ray-traced images for pre-training. On their sidescan sonar image
dataset augmentation with synthetic images from TransfGAN increases the balanced
accuracy by more than 10% while also achieving a 3% higher macro F1 score.

Bhowan et al. in [29] compared the effectiveness of two genetic programming classifi-
cation strategies. The first uses the standard (zero) class-threshold, while the second uses
the “best” class-threshold determined dynamically on a solution-by-solution basis during
evolution. The authors conducted experiments for five benchmark binary classification
problems on datasets from the UCI Repository of Machine Learning Databases, and the
Intelligent Systems Lab at the University of Amsterdam. One of the five datasets used
for the experiment contained 267 records derived from cardiac Single Photon Emission
Computed Tomography (Spect) images. There are 55 “abnormal” records (20.6%) and
212 “normal” records (79.4%), an imbalance ratio of approximately 1:4. Study results
suggest that there is no overall difference between the two strategies and that both strate-
gies can evolve good solutions in binary classification when used in combination with an
effective fitness function.

At the same time, data mining usage can also have a positive impact on the perfor-
mance of neural networks. In ref. [30] various approaches to medical data mining were
considered, as well as the learning outcomes after applying each of the approaches. It also
showed that all considered mining methods increase the accuracy of the neural networks.
Bellazzi and Zupan [31] stated that many data mining methods can be successfully ap-
plied to a variety of practical problems in clinical medicine and are an excellent means of
increasing network performance for medical data processing tasks.

So, most of the work either uses different data-filling techniques and different boosting
algorithms. One more approach is to use implicit ways to replicate the smaller class until
you have as many samples as in the larger one, for example, class weight for some neural
network models. However, this way cannot be considered as acceptable for computer
vision tasks.

For binary classification problems, cost-sensitive learning can be used. However, this
approach is too difficult to generalize for multiclass classifications.



Appl. Sci. 2023,13, 8614

4 0f 20

Various ensemble methods can also be used to solve problems of multiclass image
classification. However, the result of their application strongly depends on the problem
being solved and the dataset used.

The dataset imbalance affects the training results of each neural network (NN) differ-
ently, as does data preprocessing similar to data augmentation and data mining. It is also
the subject of interest to study which of the methods or their combinations for reducing the
imbalance of a dataset is most preferable for a particular neural network.

The aim of the work was to compare the results of using contemporary neural networks
for multiclass classification on a highly imbalanced image dataset and to formulate an
approach for normalizing such datasets to improve the quality of a deep neural network
(DNN) model training.

To achieve this goal, we studied the sensitivity to a dataset imbalance of the following
contemporary neural networks: Xception, ViT-384 [32], ViT-224, VGG19, ResNet34 [33],
ResNet50, ResNet101 [34], Inception_v3, DenseNet201 [35], DenseNet161 [36], and DelT [37].
Different imbalance reduction techniques and their ensembles were used to determine this
sensitivity. Based on the analysis of the obtained learning metrics, recommendations were
formulated on the use of the ensemble method for dataset normalization.

The remainder of this paper is organized as follows. The data processing methods,
data mining ways, as well as trained neural networks are described in Section 2. The
performance evaluation and research results are stated in Section 3. The validation of the
suggested approach is in Section 4. Finally, Section 5 discusses the study’s findings, results,
and the main conclusion of the work.

2. Materials and Methods
2.1. Datasets

The study was carried out in three stages. The models’ parameters were the same for
all stages. At the first stage, all the following neural networks Xception, ViT-384, ViT-224,
VGG19, ResNet34, ResNet50, ResNet101, Inception_v3, DenseNet201, DenseNet161, DelT
were trained on the full dataset. The dataset was an unbalanced set of 20,971 leg images
distributed across 7 classes (CO, C1, ..., C6) according to the CEAP classification for chronic
venous diseases [17]. Samples from the dataset are shown in Figure 1. The only image
preprocessing was resizing to 224 x 224 px.

Figure 1. Samples from the initial dataset.
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The distribution of images by classes was as follows: C0—12%; C1—26%; C2—14%;
C3—33%; C4—11%; C5 and C6 classes—2% each as shown in Figure 2 and Table 1.

2% 2% 4504 = C0
11% =Cl
2
c3
= C4
- = C5
26%  uc
33%

14%0

Figure 2. Class distribution of images of the initial dataset.

Table 1. Class distribution of images of the initial dataset.

Class Co C1 C2 C3 C4 C5 Cé6
Number of images 2494 5495 2861 6850 2386 458 427

As can be seen in Figure 2, the initial dataset was significantly unbalanced. The
number of classes C5 and C6 are extremely small compared to other classes, and class C3
is dominant.

In the second stage, small datasets were used. Cutting off the dataset by the smallest
class is a good approach to avoid unbalanced, when the original dataset is big enough. To
form small but balanced datasets, the initial dataset was cut off by the smallest class (C6).
The excluded images were used as a validation dataset. To avoid randomness in the result
obtained, three datasets were formed, where classes C0-C5 contained, if possible, different
images. So, we constructed three datasets—"small_ds_1”, “small_ds_2”, “small_ds_3". The
distribution of images by classes is shown in Table 2.

Table 2. Class distribution of images of the small datasets.

Class co C1 Cc2 C3 C4 C5 (€3
small_ds_1 455 448 480 442 454 430 414
small_ds_2 444 452 432 455 435 458 427
small_ds_3 448 450 432 453 435 458 427

At the third stage, the dataset was formed as follows. Each class was cropped to the
number of images equal to the size of class C6 + 15% of it. Then the missing images in
classes C5 and C6 were augmented. Such an approach can help generate new samples from
existing samples using standard image conversion algorithms. It is based on deep learning
concepts where a slightly modified original image is considered as a new image.

However, a large amount of artificial data can be detrimental to the ability of a
machine learning model to generalize. Therefore, misapplication of this approach can
lead to overfitting. That is why we augmented the dataset by not more than 15%. The
distribution of images by classes for “aug_ds” is shown in Table 3.

We used the following image transform algorithms for data augmentation:

1. Shift Scale Rotate. Randomly apply affine transforms: translate, scale, and rotate
images. The parameters were as follows:
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- The scaling factor range was (—0.5, 0.5). So, an image was randomly zoomed out
or in of the original size to any percent in this range.

- Shift factor ranges for both height and width were (—0.05, 0.05).

- Rotation range was (—30, 30).

- The probability of applying this transform was set to 0.6.

2. Random Crop. Crop random parts of the images with fixing size. The height and
width of the crop were 224 px.

3. Horizontal Flip. Flip an image 180 degrees to obtain a mirror image. The probability
of applying this transform was set to 0.5.

4. RGB Shift. Randomly shift values for each Red-Green-Blue channel of an image. The
range for changing values for the red channel. Ranges for changing values for all
channels were (—15, 15). The probability of applying this transform was 0.6.

5. Random Brightness Contrast. Randomly change the brightness and contrast of an
image. The probability of applying this transform was set to 0.7.

Table 3. Class distribution of images of the cropped and augmented dataset.

Class Co C1 C2 C3 C4 C5 Ceé
aug_ds 518 504 506 498 425 518 498

The distribution of samples for all obtained datasets are shown in Figure 3.

initial mWsmall_ds_1 small_ds_2 small_ds_3 maug_ds

8000

6850

7000

5495

6000

5000

4000

2494
2861

3000

2386

2000

1000

== 455
444
448

= 513
458

= 430
458
458

== 513

co C1 Cc2 C3 c4 C5 cé6

Figure 3. Class distribution for all obtained datasets.

2.2. Deep Learning Neural Networks

We trained the following 11 different contemporary architectures of deep learning
neural networks on the obtained datasets: ResNet34, ResNet50, ResNet101, VIT-base-
patch16-224, VIT-base-patch16-384, DelT-base-patch16-224, DenseNet161, DenseNet201,
VGG19, Inception, Xception. Our goal was to formulate the best approach to train these
networks on an initially unbalanced dataset.

ResNet (Residual Neural Network) models are the most popular fully convolution
models in computer vision. ResNet is a deep learning model in which the weight layers
learn residual functions with reference to the layer inputs. The fundamental difference be-
tween ResNet and classical convolutional neural networks is shortcut connections. Thanks
to them, ResNet can contain a large number of layers while bypassing the vanishing gra-
dient problem, which helps to catch more features from input images. In the work, we
used ResNet34, ResNet50, and ResNet101 models. In general, the ResNet models consist of
residual blocks (Figure 4a). Some ResNet models (for ex. ResNet50 and ResNet101) have
the Bottleneck block (Figure 4b).
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Figure 4. ResNet architecture blocks: (a) a basic convolutional residual block; (b) a bottleneck block.

Visual image transformer (VIT) and Data efficient image transformer (DelT) are the
newest architecture in computer vision at this moment. They are based on transformer
architecture, which was created for natural language processing tasks. The main idea of
these architectures is to use not pixels as layers, but fixed-size image pieces called tokens
or patches. These tokens process similar to text tokens on NLP, using attention layers for
obtaining image embeddings. DelT can be considered as a VIT model with an additional
distillation token. The architecture of ViT transformer neural networks is shown in Figure 5.

Position
Embedding

Original Image

Figure 5. The Visual Transformers architecture.

DenseNet is modified ResNet. DenseNet establishes a dense connection between all
the front and back layers. Another important feature of DenseNet is the implementation of
feature reuse via feature bonding on a channel. These features allow DenseNet to achieve
higher performance than ResNet with fewer parameters and computational overhead. The
Basic DenseNet Composition Layer block consists of a pre-activated batch normalization
layer, ReLU activation function, and a 3 x 3 convolution layer. Multiple Dense Blocks with
Transition Layers are shown in Figure 6.
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Figure 6. Multiple Dense Blocks with Transition Layers.

VGG architecture (Figure 7) is one of the first convolution neural networks models.
Its main idea is to learn by parts. This is achieved by adding new layers to the old frozen
layers and training model.

L

Figure 7. The VGG architecture.

Fc, 4096
Fc, 4096

FC, 1000

The ideas behind Inception were first created by Google in their GoogLeNet model.
This model was based on inception blocks, which parallel apply on a previous layer
different convolution filters and then concatenate results. The authors of Inception changed
the kernel size and the number of convolutional filters, which made it possible to reduce
the number of blocks and size of the model. The Inception block is shown in Figure 8.

Concat
7

e 4] 7
¥ Input *

Figure 8. The Inception architecture block.

Xception is an upgrade of Inception based on xception blocks. Unlike the inception
block, it applies a 1 x 1 convolution to the previous layer, splits it into channels, and applies
its own convolution filter with the same kernel size to each (Figure 9). This mechanism
allows the network to be even more compact and give better results.
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Figure 9. The Xception architecture block.

2.3. Training Procedure

Dataset preprocessing included only resizing of input images to 224 x 224 px. For
VIT-base-patch16-384 the input images were resized to 384 x 384 px. The constructed
datasets were divided into training (80%) and test (20%) datasets.

The training environment was CPU AMD Ryzen 5 5600 GPU NVIDIA RTX 2070 Super
RAM 16 GB.

The training parameters for all models are shown in Table 4. The rest of the parameters
had default values.

Table 4. The training parameters for all considered models.

Number of Number of

Parameters Image Size Batch Size Hidden Layers Optimizer Learning Rate
ResNet34 21,797,672 224 64 34 Adam 1x107*
ResNet50 25,557,032 224 64 50 Adam 1x 1074
ResNet101 44,549,160 224 64 101 Adam 1x107*
VGG19 143,667,240 224 16 19 Adam 1x 1074
DenseNet161 28,681,000 224 8 161 Adam 1x107*
DenseNet201 20,013,928 224 8 201 Adam 1x 1074
Inception_v3 27,161,264 224 16 48 Adam 1x 107%
Xception 22,855,952 224 8 71 Adam 1x 1074
VIT-base-patch16-224 86,418,432 224 32 12 AdamW 5x 107°
DelT-base-patch16-224 86,418,432 224 32 12 AdamW 5x 1075
VIT-base-patch16-384 86,900,000 384 2 12 AdamW 5x 107°

2.4. Metrics

To evaluate the quality of model training we used the following metrics—Accuracy,
Precision, Recall, F1, True Positive Rated, True Negative Rated, False Positive Rated, False
Negative Rated.

Accuracy measures the number of correct predictions made by a model in relation to
the total number of predictions made:

Correct classification
All classification

Accuracy =

Note that accuracy could be misleading for imbalanced datasets. However, since we
formed balanced datasets, we can use this metric for the quality evaluation.
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Precision measures the percentage of predictions made by the model that are correct:

TruePositive
TruePositive + FalsePositive

Precision =

Recall (true positive rate, TPR, sensitivity) measures the percentage of relevant data
points that were correctly identified by the model:

TruePositive
TruePositive 4 FalseNegative

Recall = TPR =

The F1 score is a machine learning evaluation metric that measures a model’s accuracy.
The F1 score is defined as the harmonic mean of precision and recall. This metric computes
how many times a model made a correct prediction across the entire dataset:

2 Precision Recall
" Precision + Recall

F1

The true negative rate (TNR, Specificity), the false negative rate (FNT, Miss rate), the
false positive rate (FPR, Fall-out) mathematically are defined as follows:

TrueNegative

TNR =
N FalsePositive + TrueNegative

_ FalseNegative . EPR — FalsePositive
~ TruePositive + FalseNegative’ ~ FalsePositive + TrueNegative

FNR

where TruePositive—the number of images correctly classified as a positive class;

FalseNegative—the number of images incorrectly marked as not being in this class;

FalsePositive—the number of images incorrectly classified as a positive class;

TrueNegative—the number of images correctly marked as not being in this class.
Obviously, TPR + FNR = 1 and TNR + FPR = 1.

3. Results

The metrics obtained for the considered neural networks on the generated datasets
are shown in Tables 5-15.

Table 5. Metrics for ResNet34.

Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds

F1 0.55 0.60 0.60 0.46 0.56

Accuracy - 0.62 0.61 0.47 0.57
Co

TPR 0.64 0.87 0.95 0.65 0.87

TNR 0.94 0.99 0.99 0.89 0.97
C1

TPR 0.63 0.68 0.64 0.31 0.61

TNR 0.86 0.97 0.95 0.97 0.95
c2

TPR 0.37 0.67 0.69 0.53 0.49

TNR 0.90 0.89 0.92 0.89 0.89
c3

TPR 0.59 0.61 0.48 0.58 0.39

TNR 0.83 0.98 0.93 0.87 0.95
C4

TPR 0.45 0.53 0.53 0.49 0.65

TNR 0.93 0.93 0.92 0.93 0.92
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Table 5. Cont.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
C5
TPR 0 0.32 0.51 0.56 0.47
TNR 0.98 0.89 0.91 0.91 0.89
C6
TPR 0.56 0.66 0.52 0.61 0.57
TNR 0.99 0.92 0.92 0.94 0.94
Table 6. Metrics for ResNet50.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
F1 0.71 0.72 0.68 0.65 0.70
Accuracy - 0.72 0.68 0.65 0.70
Co
TPR 0.69 0.97 0.99 0.86 0.96
TNR 0.95 0.98 1.00 091 0.98
C1
TPR 0.67 0.89 0.48 0.52 0.82
TNR 0.87 0.97 0.99 0.97 0.98
C2
TPR 0.46 0.70 0.74 0.59 0.64
TNR 0.90 0.92 0.94 0.95 0.93
C3
TPR 0.59 0.73 0.82 0.81 0.51
TNR 0.88 0.99 0.9 0.96 0.96
C4
TPR 0.51 0.62 0.84 0.68 0.74
TNR 0.92 0.93 0.93 0.96 0.93
c5
TPR 0.29 0.50 0.58 0.68 0.60
TNR 0.98 0.94 0.96 0.89 0.93
Co
TPR 0.56 0.72 0.78 0.59 0.77
TNR 0.99 0.94 0.93 0.96 0.94
Table 7. Metrics for ResNet101.
Metrics Initial ds small _ds_1 small_ds_2 small_ds_3 aug_ds
F1 0.69 0.72 0.75 0.70 0.70
Accuracy - 0.73 0.75 0.70 0.71
Co
TPR 0.78 0.95 1.00 0.91 0.88
TNR 0.96 1.00 1.00 0.95 0.98
C1
TPR 0.75 0.80 0.84 0.70 0.77
TNR 0.88 0.97 0.96 0.96 0.97
C2
TPR 0.54 0.67 0.77 0.60 0.71
TNR 0.93 0.92 0.98 0.96 0.92
C3
TPR 0.76 0.72 0.89 0.73 0.59
TNR 0.95 1.00 0.94 0.95 0.97
C4
TPR 0.62 0.60 0.59 0.78 0.7
TNR 0.95 0.94 0.95 0.94 0.94
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Table 7. Cont.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
C5
TPR 0.15 0.62 0.53 0.54 0.67
TNR 0.98 0.90 0.94 0.96 0.91
C6
TPR 0.77 0.65 0.71 0.82 0.69
TNR 0.99 0.96 0.94 0.93 0.97
Table 8. Metrics for VIT-base-patch16-224.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
F1 0.70 0.75 0.76 0.70 0.75
Accuracy - 0.75 0.76 0.70 0.75
Co
TPR 0.72 0.97 1.00 0.82 0.92
TNR 0.97 1.00 1.00 0.96 0.99
C1
TPR 0.68 0.86 0.88 0.72 0.86
TNR 0.91 0.97 0.96 0.96 0.95
C2
TPR 0.57 0.72 0.80 0.66 0.67
TNR 0.91 0.93 0.97 0.94 0.96
C3
TPR 0.85 0.88 0.71 0.66 0.80
TNR 0.88 0.96 0.98 0.97 0.95
C4
TPR 0.57 0.63 0.68 0.72 0.68
TNR 0.96 0.95 0.93 0.93 0.96
Cc5
TPR 0.12 0.51 0.51 0.62 0.61
TNR 1.00 0.95 0.95 0.94 0.94
C6
TPR 0.63 0.69 0.75 0.70 0.71
TNR 0.37 0.95 0.94 0.96 0.96
Table 9. Metrics for VIT-base-patch16-384.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
F1 0.75 0.81 0.85 0.77 0.80
Accuracy - 0.81 0.85 0.77 0.80
Co
TPR 0.76 0.98 1.00 0.83 0.98
TNR 0.98 1.00 1.00 0.98 1.00
C1
TPR 0.76 0.86 0.90 0.83 0.82
TNR 0.91 0.98 0.99 0.97 0.98
C2
TPR 0.56 0.76 0.93 0.76 0.77
TNR 0.93 0.94 0.98 0.95 0.94
C3
TPR 0.87 0.94 0.91 0.85 0.85
TNR 0.90 0.97 0.97 0.97 0.96
C4
TPR 0.68 0.67 0.66 0.78 0.60
TNR 0.97 0.98 0.98 0.95 0.97




Appl. Sci. 2023,13, 8614 13 of 20
Table 9. Cont.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
C5
TPR 0.33 0.70 0.83 0.64 0.76
TNR 0.99 0.95 0.93 0.94 0.94
C6
TPR 0.71 0.72 0.70 0.7 0.80
TNR 0.99 0.97 0.98 0.96 0.98
Table 10. Metrics for DelT-base-patch16-224.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
F1 0.73 0.75 0.76 0.70 0.77
Accuracy - 0.75 0.76 0.71 0.77
Co
TPR 0.77 0.97 1.00 0.87 0.95
TNR 0.96 1.00 1.00 0.95 0.99
C1
TPR 0.69 0.83 0.82 0.70 0.86
TNR 0.91 0.96 0.95 0.97 0.96
C2
TPR 0.56 0.57 0.76 0.65 0.68
TNR 0.92 0.96 0.98 0.95 0.96
C3
TPR 0.86 0.93 0.76 0.77 0.78
TNR 0.91 0.94 0.95 0.97 0.96
C4
TPR 0.63 0.76 0.62 0.66 0.73
TNR 0.97 0.95 0.95 0.93 0.95
Cc5
TPR 0.44 0.49 0.58 0.64 0.53
TNR 0.99 0.94 0.94 0.93 0.97
C6
TPR 0.71 0.70 0.73 0.65 0.83
TNR 1.00 0.95 0.95 0.95 0.93
Table 11. Metrics for DenseNet161.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
F1 0.71 0.76 0.77 0.69 0.69
Accuracy - 0.75 0.78 0.70 0.70
Co
TPR 0.80 1.00 0.99 1.00 0.99
TNR 0.96 1.00 1.00 0.98 0.99
C1
TPR 0.66 0.98 0.99 0.95 0.96
TNR 0.93 0.99 0.98 0.99 0.99
C2
TPR 0.54 0.92 0.98 0.90 0.90
TNR 0.93 0.99 0.99 0.98 0.98
C3
TPR 0.88 0.93 0.91 0.94 0.88
TNR 0.90 1.00 1.00 0.99 0.99
C4
TPR 0.66 0.96 0.92 0.94 0.82
TNR 0.95 0.99 0.99 0.98 0.99
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Table 11. Cont.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
C5
TPR 0.22 0.92 0.93 0.77 0.84
TNR 1.00 0.98 0.96 1.00 0.99
C6
TPR 0.72 0.91 0.78 0.96 0.99
TNR 0.99 0.99 0.99 0.99 0.96
Table 12. Metrics for DenseNet201.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
F1 0.70 0.94 0.96 0.92 0.91
Accuracy - 0.94 0.96 0.92 0.92
Co
TPR 0.68 1.00 1.00 0.93 0.99
TNR 0.97 1.00 1.00 1.00 1.00
C1
TPR 0.74 0.98 0.99 0.98 0.94
TNR 0.89 0.99 0.99 0.97 0.99
C2
TPR 0.59 0.99 0.93 0.89 0.79
TNR 0.92 1.00 1.00 0.98 0.99
C3
TPR 0.83 0.97 0.94 0.85 0.98
TNR 0.90 0.99 1.00 1.00 0.96
C4
TPR 0.51 0.94 0.91 0.94 0.88
TNR 0.97 0.98 0.99 0.99 1.00
Cc5
TPR 0.44 0.92 0.98 0.90 0.92
TNR 0.98 0.98 0.98 0.99 0.97
C6
TPR 0.75 0.88 0.97 0.94 0.90
TNR 0.99 0.99 1.00 0.99 0.99
Table 13. Metrics for VGG19.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
F1 0.64 0.66 0.66 0.59 0.64
Accuracy - 0.67 0.67 0.60 0.66
Co
TPR 0.70 0.95 0.99 0.70 0.66
TNR 0.95 0.99 0.99 0.94 0.99
C1
TPR 0.64 0.72 0.63 0.70 0.64
TNR 0.90 0.95 0.97 0.91 0.98
C2
TPR 0.44 0.48 0.84 0.47 0.76
TNR 0.90 0.91 0.91 0.95 0.88
C3
TPR 0.76 0.73 0.61 0.66 0.74
TNR 0.91 0.98 0.95 0.97 0.94
C4
TPR 0.65 0.85 0.65 0.70 0.56
TNR 0.92 0.92 0.93 0.94 0.96
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Table 13. Cont.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
C5
TPR 0.37 0.58 0.53 0.45 0.64
TNR 0.99 0.90 0.93 0.95 0.92
C6
TPR 0.39 0.47 0.65 0.73 0.70
TNR 0.99 0.97 0.94 0.88 0.96
Table 14. Metrics for Inception_v3.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
F1 0.69 0.74 0.73 0.66 0.70
Accuracy - 0.74 0.73 0.67 0.70
Co
TPR 0.73 1.00 0.99 0.74 0.91
TNR 0.97 0.99 1.00 0.96 0.99
C1
TPR 0.71 0.73 0.86 0.84 0.74
TNR 0.89 0.97 0.97 0.94 0.98
C2
TPR 0.51 0.58 0.787 0.60 0.58
TNR 0.93 0.94 0.968 0.96 0.92
C3
TPR 0.80 0.76 0.87 0.70 0.59
TNR 0.91 0.99 0.95 0.98 0.94
C4
TPR 0.62 0.79 0.64 0.66 0.75
TNR 0.95 0.92 0.90 0.92 0.94
Cc5
TPR 0.47 0.60 0.46 0.51 0.55
TNR 0.98 0.94 0.94 0.92 0.95
C6
TPR 0.49 0.76 0.59 0.68 0.76
TNR 0.99 0.95 0.95 0.94 0.94
Table 15. Metrics for Xception.
Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
F1 0.71 0.71 0.75 0.69 0.76
Accuracy - 0.72 0.75 0.69 0.76
Co
TPR 0.75 0.99 0.99 0.76 0.87
TNR 0.96 0.99 1.00 0.97 0.99
C1
TPR 0.72 0.80 0.70 0.69 0.82
TNR 0.90 0.98 0.98 0.95 0.96
C2
TPR 0.52 0.63 0.81 0.72 0.79
TNR 0.93 0.92 0.95 0.93 0.94
C3
TPR 0.81 0.67 0.79 0.79 0.70
TNR 0.93 0.99 0.95 0.95 0.97
C4
TPR 0.70 0.75 0.68 0.70 0.72
TNR 0.95 0.92 0.95 0.96 0.96
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Table 15. Cont.

Metrics Initial ds small_ds_1 small_ds_2 small_ds_3 aug_ds
C5
TPR 0.47 0.49 0.56 0.57 0.70
TNR 0.99 0.93 0.95 0.92 0.94
C6
TPR 0.64 0.72 0.82 0.60 0.76
TNR 0.99 0.93 0.92 0.94 0.96

As can be seen in Tables 5-15, training on an unbalanced dataset leads to the fact that
the model can poorly see the small classes, or not see at all. ResNet models are extremely
sensitive to class imbalance. So, the ResNet34 model does not see the C5 class at all when
training on the initial dataset (TPR = 0.00), but TPR = 0.46 after training on small datasets
(small_ds_1, small_ds_2, small_ds_3 and aug_ds). For ResNet50, we can see an increase of
TPR for class C5 from 0.29 (initial ds) to ~0.58(small ds) and 0.60 (aug_ds). For the C6 class,
the TPR increases from 0.56 (initial ds) to 0.77 (aug_ds). TPR for class C5 for ResNet101
increases from 0.15 (initial ds) to 0.67(aug_ds).

For VIT models we can improve TPR by 0.5 for small classes if we will use a balanced
dataset. For example, VIT-base-patch16-224: TPR = 0.12(initial ds) and TPR = 0.61 (aug_ds).
DelT models are more stabilized for the training on an unbalanced dataset. For them, the
improvement in metrics is no more than 0.2.

DenseNet proved to be overly sensitive to training on an unbalanced dataset. For
them, training on a balanced dataset is preferable, then class recognition metrics will be
significantly improved (by 0.6 or more).

A similar conclusion can be drawn for Inception_v3, Xception, and VGG. The training
of these models on a balanced dataset allows improved metrics by 0.2 for some classes.

It should be noted that there is no deterioration in the recognition of classes that
contain a large number of objects in the initial data set. It can also be seen from the obtained
results that the metrics on the “small_ds_1", “small_ds_2”, and “small_ds_3" datasets
are different and depend on those objects that remained in these datasets after the initial
dataset was cut off.

The best and the most stable metrics of the neural networks under consideration were
obtained on the “aug_ds” dataset, which was formed from the initial dataset, when the
initial dataset was cropped by the number of images in C6 class + 15%. Then the missing
images in all classes were augmented.

Thus, it seems appropriate for unbalanced datasets to form balanced datasets on their
basis according to the described methodology, and train neural network models using the
resulting balanced dataset.

4. Verification

To validate the proposed methodology, it was tested on an alternative dataset that con-
sisted of densitometry images of the pelvic joints and lower spine. All images were labeled
as normal (1281 images), osteopenia (870 images), and osteoporosis (2526 images). The
class distribution of the images in the alternative dataset is shown in Figure 10. The dataset
was obtained at the Research Institute of Traumatology, Orthopedics, and Neurosurgery
(Saratov, Russia). Examples of images from the dataset are shown in Figure 11.
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Figure 10. Class distribution of images of the alternative dataset.

Figure 11. Samples from the alternative dataset: The left pelvic joint, the lower spine and the right
pelvic joint.

Four datasets were formed according to the approach described in Section 2.1:

1. The first dataset (alt_initial_ds) was the whole alternative dataset.

2. alt_smal _ds_1,alt_smal ds_2,alt smal_ds_3 were obtained by cutting off alt_initial ds
by the smallest class. These datasets contained 870 images in each class.

3. alt_aug_ds—classes “normal” and “osteoporosis” were cut off to 1044 images (size of
the smallest class “osteopenia” +15%) and class “osteopenia” was augmented up to
1044 images with the help of the transform described in Section 2.1.

Due to the limited size of the article, we present the metrics of only two models—
ResNet34 and DelT (Table 16).

Table 16. Metrics for DelT and Resnet34 for the alternative dataset.

Metrics alt_initial ds alt_small ds_1 alt_small ds 2 alt small ds_3 alt_aug ds

ResNet34
F1 0.69 0.69 0.65 0.66 0.69
Accuracy - 0.68 0.65 0.66 0.71
Normal
TPR 0.78 0.90 0.86 0.75 0.81
TNR 0.97 0.90 0.95 0.95 0.94
Osteopenia
TPR 0.52 0.56 0.51 0.66 0.69
TNR 0.81 0.79 0.79 0.75 0.77
Osteoporosis
TPR 0.75 0.66 0.56 0.58 0.63

TNR 0.85 0.82 0.76 0.81 0.88
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Table 16. Cont.

Metrics alt_initial_ds alt_small ds_1 alt small ds_2 alt_small ds_3 alt_aug_ds
DelT-base-patch16-224

F1 0.87 0.80 0.77 0.75 0.79
Accuracy - 0.80 0.77 0.75 0.78
Normal
TPR 0.89 0.93 0.92 0.89 0.95
TNR 0.98 0.96 0.96 0.96 0.94
Osteopenia
TPR 0.28 0.64 0.75 0.68 0.67
TNR 0.95 0.89 0.79 0.80 0.85
Osteoporosis

TPR 0.94 0.85 0.64 0.68 0.73
TNR 0.70 0.85 0.90 0.86 0.89

As can be seen in Table 16, both the DNN ResNet34 and DelT had stable improvement
for predicting rare class images on the alt_aug_ds dataset. Note, that TNR can be worsening
for the rare class for all constructed datasets. However, the amount by which the value
decreased was less for the alt_aug_ds dataset.

So, we can conclude that we can avoid the disbalance of the dataset by constructing
the new dataset according to the following approach:

1. tocutall classes to a value equal to the size of the smallest class + 15%.
2. to augment the smallest class by random transformations similar to shifting, scaling,
rotation, cropping, flipping, RGB shifting, and brightness contrasting.

5. Discussion

The approach presented in the paper for the construction of a balanced dataset based
on the initial unbalanced dataset allows a significant increase in the metrics for the classifi-
cation of the smallest classes. For some models, this increase is incredibly significant—from
zero metrics, when the model does not see this class at all, to TPR values more than 0.6.
At the same time, there is always a slight deterioration (by a few percent) in metrics for
large classes. The proposed approach was tested on various unbalanced datasets that
contained color and grayscale images. The metrics for small classes for all datasets were
significantly improved.

In fact, the proposed approach is an ensemble approach for preprocessing unbalanced
datasets. It includes two steps.

The first step is to reduce all classes except the smallest one. However, unlike other
approaches, we suggest reducing not to the size of the smallest class, but to the size of the
smallest class + 15% of it. The second step is a random augmentation of the smallest class.
Thus, on the one hand, we balance the dataset, while retaining more information than
with conventional downsampling. However, the dataset is not too clogged with artificially
generated information, as with conventional upsampling.

At the same time, it is of interest to what percentage we can augment the smallest
class without losing the quality of training the model. This may be the subject of further
study. It is also the subject of interest to what extent the proposed approach can improve
the models’” metrics for datasets containing non-image samples.

The suggested approach can help to solve the problem of small class recognition in
various important computer vision problems where unbalanced datasets are widespread,
for example, medical tasks of computer vision, and tasks of recognizing non-standard or
critical situations in many fields of science and technology.
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