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Abstract. In the paper, we show how to tackle the problem of lack of the
rotation invariance in CNN networks using the authors’ Invariant Dataset
Augmentation (IDA) method. The IDA method allows to increase the clas-
sification rates taking into account as an example the classification of the
skin lesions using a small image set. In order to solve the problem of the
lack of rotation invariance, IDA method was used and the dataset was in-
creased in an eightfold and invariant way. In the research, we applied the
IDA methods and compared the results of VGG19, XN and Inception-ResNet-
v2 CNN networks in three skin lesions features classification defined by well-
known dermoscopic criterions e.g. the Three-Point Checklist of Dermoscopy
or the Seven-Point Checklist. Due to Invariant Dataset Augmentation, the
classification rate parameters like true positive rate by almost 20%, false
positive rate as well as the F1 score and Matthews correlation coefficient
have been significantly increased opposite to type Il error that has signifi-
cantly decreased. In the paper, the confusion matrix parameters result in:
98-100% accuracy, 98-100% true positive rate, 0.0-2.3% false positive rate,
tests F1=0.95 and MCC=0.95. That general approach can provide higher
results while using CNN networks in other applications.

Keywords: invariant dataset augmentation, dermoscopic images, blue-white
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1. Introduction

The authors’ motivation is to enhance screening methods by raising the clas-
sification probability of the positive features that point to the possible health prob-
lems. That general approach can provide higher results while using CNN networks
in other disciplines not only dermatology. The results vary for different CCN net-
works but they can be used in a support system for the general practitioners.

The problem of melanoma and other skin illnesses is the fourth vital death
problem in society according to European Cancer Information System (ECIS) [1]
and American Cancer Society (ACS) [2].

In dermoscopy, the Three-Point Checklist of Dermoscopy (3PCLD)[3] and
Seven-Point Checklist (7PCL) [4] is defined and it is proved to be a sufficient
screening method in the skin lesions assessments during the checking by derma-
tology expert. In the 3PCLD method, there are three criteria: asymmetry of shape,
hue and structure distribution within the lesion with discrete value either O, 1 or
2; blue-white structures and atypical pigment network. Apart from 3PCLD and
7PCL there is the ABCD rule [5] that has its own methodology of the skin lesion
assessment.

In the problem of data acquisition and data analysis, the feature extraction or
classification should not depend on the object position within the image. Let us
imagine that our sensor e.g. camera matrix can acquire the image with the features
depending on the object rotation. That is why, we propose to use while testing by
machine learning methods e.g. CNN networks, the original image and its invariant
copies.

The rotation-invariance property is the network’s capability to predict the class
regardless of the object’s orientation [6, 7]. Generally the CNN networks have
problem with the rotation invariance and the lack of rotation-invariance is regarded
as their weakness [7]. There are some solutions proposed to tackle the problem and
provide the CNN networks and deep learning applications this property [8, 9, 10].

In computer science, there are feature-based and appearance-based approaches
[4, 11, 12, 13, 14, 15, 16, 17, 18] that show around 70-95% accuracy in feature
accuracy of the skin lesions feature assessments.

In the paper, we present how to tackle the problem of rotation invariance with
the proposed Invariant Dataset Augmentation (IDA) [14, 15, 19] method. The
IDA approach is used not only for data augmentation but also as a proliferation
of the validation and test datasets and that results in the eightfold classification
of the same image as a set of bytes but different due to its topology. The IDA
method shows that the classification results and their confusion matrix parameters
e.g. accuracy and true positive rate as well as the F1 test and MCC can be much
higher than in the case when only original images are used as a test set. To show the
advantages of the IDA method we have prepared the images from the PH2 dataset
[20]. After preparing the dataset, several neural networks have been built with the
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help of the available VGG19, Xception, and Inception-ResNet-v2 pretrained CNN
networks. The networks are trained, validated and tested on the original images
taken from the PH2 [20] datasets.

In the research, we achieved for the blue-white veil/symmetry classification
using 3PCLD approach around 78-87% for the original PH2 dataset. But, the true
positive rate (the blue-white veil is present) was between 65-80% in comparison
to the true negative rate (the blue-white veil is absent) that varied from 95 to 98%.
The reason for that is the fact that there are only around 20% of the images with
the blue-white veil feature in the PH2 [20] dataset. However, after using the IDA
approach, the achieved in the research average accuracy is around 94 % but the
weighted accuracy is around 90% for the blue-white veil, while the sensitivity is
even 20% higher than in a standard approach and reached even 98-100% for the
images from PH2 dataset.

The paper is organized as follows. In Section 2 the Invariant Dataset Aug-
mentation (IDA) is shown. The screening methods and dermoscopic datasets are
discussed in Section 3. The research and its results are presented in Section 4.
Finally, Section 5 shows the conclusions.

2. Invariant Dataset Augmentation

The Invariant Dataset Augmentation has been described in [14, 15, 19] and
its foundation are based on the idea of how to make the available image dataset
bigger as much as possible not changing the data within (i.e. pixels) and its order
and relation to other data saved in pixels using the available geometrical invariant
transformations. These transformations do not change the asymmetry of shape,
hue, and structure distributions, as well as other features that are in the original
copy of the image that is taken into account. Fig.1 shows the example of the
original image IMD168 from PH2 set.

While data augmentation authors often use a rotation of scaling the image, but
while looking for very fragile features in the images, these features can vanish
after that procedure e.g. blue-whitish veil. We have chosen seven image trans-
formations: rotation by 90°, 180° and 270°, mirror reflection by a vertical and
horizontal axis of the images and their rotations by 90°. In the previous publica-
tions [14, 15, 19] we have shown that pretrained CNN networks have not rotation
invariant property.

3. IDA and PH2 Dataset

In dermoscopy, the Three-Point Checklist of Dermoscopy (3PCLD) [3] is de-
fined and regarded as a sufficient screening method. The dermatology experts
proved it is a sufficient screening method of skin lesions assessments. There are
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Figure 1. The image IMD168 from PH2 [20] and its invariant copies. Source: own
work.

three criteria in the 3PLCD method: asymmetry of shape, hue, and structure distri-
bution within the lesion with discrete value either O, 1, or 2; blue-white structures
and atypical pigment network. The Seven-Point Checklist (7PCL) [4] is another
screening method used in skin lesions assessment. In the 7PCL case, dermatology
experts examine pigment network, blue-white veil, streaks, pigmentation, regres-
sion structures, dots and globules, and vascular structures as the important assess-
ment factors. The ABCD and ABCDE rules [5] are examples of the screening
methods that take into account the symmetry/asymmetry, border, color, diameter,
and evolving of the lesion.

These transformations used by IDA do not change the pixels, they are pixel
invariant, mutually unambiguous, and reversible. Seven new copies for each image
are achieved. Altogether, we have 1600 images out of 200 based on the PH2
dataset with:

o 288 images with present blue-white veil and 1312 without a blue-white veil;

e 936 fully symmetric images, 248 symmetric in 1 axis and 416 fully asym-
metric;

e 928 images with atypical pigment network and 672 with typical one.
4. Results

In order to show the advantages of IDA method we have compared this method-
ology with training and testing on the same image sets several times using the IDA
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transformed images. The set was split into: 75% of the images for the train and
validation set; 25% for the test one which. The train set has IDA copies only. Some
of the results were presented i.e. symmetry property in [15] and blue-white veil in
[14, 19].

The research has been conducted using Matlab 2022b with up-to-date versions
of Deep Learning Toolbox™. To achieve a high validation accuracy i.e. 100% or
close and a low validation loss i.e. around 0.5 or less we have trained the networks
using 30 epochs. The higher values of the epochs have not changed the validation
accuracy and the loss as well as the testing values of the accuracy, true positive
rate, etc. To achieve the highest classification rates we have tested the wide variety
of the following parameters: 30-100 epochs; learning rate from 5e-5 to le-2. The
times of training have varied from around 12 minutes for VGG19, 40 minutes for
XN, and 60 minutes for IRN2 for PH2 dataset.

The confusion matrix factors are used for the chosen CNN network and they
are calculated according to the well-known equations [10, 19]. In the T1 and T8
columns, the results of the tests are shown using each image obtained from the
IDA procedure as a separate one. In Tables 1 and 2 the classification results for
the blue-white veil training on PH2 dataset using IDA transformations with the
test results for a single original image set (T1), augmented dataset with 8 copies
of the original file (T8), and using the worst-case scenario (IDA) classification are
presented. The chosen confusion matrix factors: true positive rate (TPR), false
positive rate (FPR) with their average (AVG), variance (VAR), minimum (MIN)
and maximum (MAX) values and F1 score and Matthews correlation coefficient
(MCC) for the chosen CNN network. The chosen confusion matrix factors true
positive rate for full asymmetry (TPRO), true positive rate for symmetry in one
axis (TPR1), true positive rate for full symmetry (TPR2), false positive rate for
full asymmetry (FPRO), false positive rate for symmetry in one axis (FPR1), false
positive rate for full asymmetry full symmetry (FPR2) with their average (AVG),
variance (VAR), minimum (MIN) and maximum (MAX).

The original authors’ approach shows that the classification characteristics like
accuracy and true positive rate as well as the F1 and MCC tests can be much higher
(5-20%) than using only original images. In the paper for the reaching 98-100%
accuracy, 98-100% true positive rate, 0.0-2.3% for a minimum of a false positive
rate with tests F1=0.95 and MCC=0.95 as well as AUC=1. For the blue-white veil
the area under curve (AUC) for the receiver operating characteristic curve (ROC)
the average values are 0.966, 0.969 and 0.957, as well as the maximum values
0.996 for VGG19, 0.985 for Xception and 0.971 for Inception-ResNet-v2.

In the case of the symmetry/asymmetry research, the IDA method turned out to
be in many cases more effective than training the network only on the original im-
ages, even by 20% higher. In the dermatological asymmetry studies, we achieved
for VGGI19, the best CCN network, a maximum of 68.56% weighted accuracy,
92.3% true positive rate, tests F1 = 0.56 and MCC = 0.62, AUC = 0.965, and a
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Table 1. The results for the blue-white veil classification
Inception-

CM factor VGG19 Xception

Tt | T8 [IDA| T1 | T8 |IDA| T1 | TS | IDA
wACC[%]| AVG [ 872|881 | 922822802880 798| 782 | 839
MAX | 988 | 975 | 100 | 87.7 | 853 | 94.4 | 889 | 86.1 | 93.2
AVG | 77.8 | 796 | 89.4 | 66.7 | 61.8 | 81.7 | 622 | 584 | 73.9

VAR 11.7 | 102 | 82 79 | 71 9.5 | 133 | 16.1 | 10.1
TPR [%]

Min 55.6 | 66.7 | 77.8 | 55.6 | 51.4 | 66.7 | 33.3 | 23.6 | 55.6

Max 100 | 97.2 | 100 | 77.8 | 73.6 | 88.9 | 77.8 | 76.4 | 88.9

AVG 34 33 50 | 23 1.5 56 | 27 | 21 6.1
FPR [%] VAR 2.2 2.0 22 1.6 1.1 39 1.7 1.3 | 2.7

Min 0.0 0.0 00 | 00 | 00 | 00 | 00 | 06 | 24
Max 7.3 7.0 7.3 49 | 3.0 | 146 | 49 | 52 | 122
Test Fl1Max | 095 | 096 | 1.0 | 0.82 | 0.79 | 0.94 | 0.88 | 0.80 | 0.89
MCC 094 | 095 | 1.0 | 079 | 0.74 | 0.94 | 0.86 | 0.76 | 0.86

minimum of 2.7% a false positive rate for the asymmetric cases.

The time of training for the BW approach has varied from around 12 minutes
(VGG19), 40 minutes (Xception), and 60 minutes (IRN2) for the PH2 dataset. The
times of the training of the CNNs in the BW2 case varied from 5 minutes (VGG19
with 60 epochs) to 14 minutes (XN with 100 epochs), and 21 minutes (IRN2 with
60 epochs) for the PH2 dataset.

5. Conclusions

The correct selection of specific features, in particular, the blue-whitish veil has
an impact on the analysis of specific disease fragments. In the research, we have
used the three pretrained CNN networks: Xception, VGG19 [11], and Inception-
ResNet-v2 as well as PH2 dermoscopic image dataset [20]. The results achieved
are quite promising. The average accuracy was above 90 %. The networks usually
quite well classified the images of the lesions. VGG19 appears to show the best
results from three CNNS.

In the previous papers we have shown that the classifications results are higher
when the networks have been trained, validated and tested on the image datasets
achieved using the Invariant Dataset Augmentation (IDA). That general approach
can also provide higher results while using CNN networks in other disciplines not
only dermatology, chest X-ray images of the patients with different lung illnesses
e.g. viral pneumonia and COVID-19 [21].
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Table 2. The results for the asymmetry classification
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Xcepti Inception-
CM factor VGG19 ception ResNet-v2

TL [ TS [IDA | T1 | T8 [IDA| T1 | T8 | IDA

AVG | 588 | 602 | 71.9 | 65.4 | 67.1 | 80.4 | 53.1 | 559 | 70.4

TPR, [%] VAR 84 | 68 | 104 | 13.1] 96 | 123] 79 | 44 | 57
Min | 462 | 49.0 | 53.8 | 385 | 529 | 61.5 | 385 | 49.0 | 61.5

Max | 692 | 740 | 923 | 846 | 80.8 | 923 | 692 | 67.3 | 846

AVG | 269 | 267 | 33.1 | 25.6 | 244 | 219 | 7.5 | 103 | 13.1

TPR, [%] VAR | 153 | 129 ] 93 [ 220 163 ] 127 85 [ 100] 95
Min 125 1251251 00 | 63 ] 00 | 00 | 00 | 00

Max | 62.5 | 57.8 | 50.0 | 62.5 | 53.1 | 37.5 | 25.0 | 313 | 25.0

AVG | 80.0 | 80.9 | 70.7 | 822 | 83.0 | 66.4 | 83.6 | 82.5 | 62.8

TPR, [%] VAR 18 106|130 71 | 577257 47 ] 99
Min 586 | 612 | 448 | 724 | 759 [ 552 | 759 | 733 | 44.8

Max | 96.6 | 953 | 862 | 93.1 | 91.4 | 759 | 89.7 | 89.2 | 75.9

AVG 92 | 89 [ 159 | 11.6 | 11.1| 250 | 10.8 | 109 | 23.4

FPR, [%] VAR 47 | 38 | 63 | 32 | 42| 58 | 33| 21 ] 58
Min 00 | 20 | 27 | 54 | 61 [ 162] 54 | 81 | 135

Max 162 | 145 ] 24 [ 189 172] 24 | 162 ] 155 48

AVG | 11.1 | 114 | 149 | 104 | 87 | 126 | 96 | 87 | 165

FPR, [%] VAR 98 | 87 [ 116] 78 | 64 | 93 | 73 | 53 | 99
Min 00 | 21 | 24 [ 00 |33 ] 24]00] 211 48

Max | 333 | 295 | 357 | 238 | 202 | 286 | 23.8 | 18.8 | 333

AVG | 426 | 405 | 255 | 33.1 | 357 | 19.0 | 48.6 | 49.0 | 28.6

FPR, [%] VAR 96 | 84 | 94 | 82 |17 117] 67 ] 72 | 99
Min 238 | 250 ] 95 [ 143 161] 00 | 381]375] 95

Max | 619 | 54.8 | 38.1 | 429 | 482 | 333 | 66.7 | 63.7 | 429

WACC [%]|_AVG | 552 | 560 | 586 | 57.8 | 58.1 | 562 | 48.1 | 49.6 | 4838
Max | 69.2 | 689 | 683 | 789 | 733 | 68.6 | 54.8 | 56.8 | 57.0

Test F1Max | 0.543] 0.548] 0.555| 0.560| 0.560| 0.511| 0.446 0.465| 0.439
MCC | 0.578] 0.524| 0.621] 0.732] 0.650 0.643| 0.429| 0.424] 0.449
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