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Abstract. In the paper, we show how to enhance the results of the
classification of the images by already trained models without retrain-
ing. We use the rotation invariance of the images and Invariant Dataset
Augmentation (IDA) method instead. The results of enhancement using
the IDA method are shown using the dermoscopic PH2 dataset with 200
images, the dermoscopic Derm7pt dataset with 1011 images, and the X-
Ray COVID-19 dataset with 3175 images. The authors method allows
us to do the test not only on the single image but also on its invariant
copies. Depending on the image symmetry, there can even be an eightfold
increase in the number of test images. In the presented research, we used
CNN networks VGG19, XN, and Inception-ResNet-v2 for dermoscopic
datasets and the three classification features of skin lesions defined by
well-known dermoscopic criteria. VGG19, Xception, and Inceptionv3 net-
works are used for COVID-19 dataset with three classes. The confusion
matrix parameters shown in the paper improved significantly comparing
the tests on the original dataset versus IDA increased one and the worst
case scenario. It is achieved on the original model without retraining it on
the augmented dataset using IDA method. An example for dermoscopic
PH2 and Derm7pt datasets resulted in precision between 98-100%, true
positive rate 98-100%, false positive rate <2.3%, F1 test = 0.95 and MCC
test = 0.95. The results for the COVID-19 X-ray resulted in maximum
precision for 3 classes >98.1%, F1 score almost 1.0 and MCC >0.97. The
advantage of the method is that the trained model is smaller and more
efficient than the new model trained on the eightfold increased dataset.

Keywords: Invariant Dataset Augmentation · Increasing classification
rates · Deep learning · COVID-19 · Dermoscopic images.

1 Introduction

The motivation of the paper is to enhance the classification rates provided by
already trained and used models in the e.g. health-care systems. In the screening
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methods e.g. dermoscopic and X-Ray ones, we increase the efficiency by improv-
ing the confusion matrix parameters of the feature classifications that point to
possible health problems. The advantage of the method is that the trained net-
work is smaller and more efficient than the new network trained on the eightfold
increased data set.

That general approach can provide better results while using CNN networks
in other research disciplines, not only dermatology or pulmonology. This method
is integrated during the classification stage, where the model processes both
the original image and its pixel-invariant copies. Although standard CNNs do
not possess inherent rotation invariance, evaluating them against a collection
of pixel-invariant images improves classification performance, leading to higher
metrics such as recall (TPR) and test F1 rates.

Fig. 1. The image (top-left) Aaal002.jpg from Derm7pt [1] and its invariant copies.

The second issue that the method solves is the acquisition and analysis of
the data, as well as the extraction of the features. The classification of fea-
tures should not depend on the orientation and position of the object in the
flat 2D image (see Fig. 1). The optical sensor must exhibit rotational invariance
to ensure that feature extraction remains independent of the object’s spatial
orientation. Consequently, we propose a methodology for CNN networks evalu-
ation that incorporates both the primary image and its corresponding invariant
representations.

As a case-study we use different medical dataset. One of them asre dermo-
scopic datasets of skin lesion and their assessment methodologies the three-point
checklist of dermoscopy (3PCLD) [18, 20] and the seven-point checklist (7PCL)
[10]. The next case-study dataset contains X-ray images of the lung with their
assessment methods. The problem of COVID-19 and X-Ray classification is also
widely presented and several different approaches are used as in the dermoscopy
case [14, 17]. The usual classification is based on X-Ray lungs images with normal
lungs, with viral pneumonia, and COVID-19 ones.
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Convolutional Neural Networks (CNNs) inherently lack rotational invariance,
a limitation extensively documented in the literature [2, 3, 9, 19]. To address this
deficiency, various architectural enhancements and methodologies have been pro-
posed to integrate invariant properties into deep learning frameworks [3, 9]. This
paper delineates a strategy that leverages geometric symmetry to optimize clas-
sification performance; comprehensive technical details and preliminary findings
are further elaborated in the authors’ previous works [2, 12, 13, 15].

In the paper, we show that using Invariant Dataset Augmentation (IDA)
method in a test phase provides similar results of classification the images as
pretraining the models using IDA augmented models.

2 Invariant Dataset Augmentation in Trained Models

In the papers [2, 12–15], the IDA method is used to increase the number of images
using invariant transformations to tackle the lack of the rotation invariant prop-
erty in CNN networks. It can be explained by the properties of the convolution
given by the example equation:

I(x,y)=
∑n

i=0

∑m
j=0 k(i, j)I(x+ i, y + j),

where the kernel of the operation is k(I,j) is of size NxM. The image size is
NxM, where N ≥ n and M ≥ m. The classification probability of invariant
images can be different for each image copy. The problem of rotation invariance
is presented in, e.g. Tab. 1, where the classification probability of the image
IMD168 from PH2 dataset [11] and its copies differs greatly for each invariant
copy. The asymmetry classification (0 - no symmetry, 1 axis symmetry, 2-axis
symmetry) sometimes results in opposite result.

Table 1. The classification probability of symmetry by VGG19 on image IMD168 from
PH2 dataset [11]

Image IMD168 and its copies
Symmetry probability

0 1 2
Original 0.0131 0.9593 0.0276

90 rotation 0.5501 0.4017 0.0482
180 rotation 0.9420 0.0407 0.0173
270 rotation 0.3044 0.6713 0.0243

Vertical reflection 0.3781 0.6170 0.0050
Vert. reflection and 90 rotation 0.4937 0.4964 0.0099

Horizontal reflection 0.0543 0.9403 0.0054
Hor. reflection and 90 rotation 0.6154 0.3441 0.0405

The explanation of the IDA method and funding is provided in our other
articles [2, 13, 15]. It is based on natural pixel invariant transformations of the
images. In some cases, it is only mirroring reflection in other rotation by 90
degrees and mirroring.

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29924-6_24

https://dx.doi.org/10.1007/978-3-032-29924-6_24
https://dx.doi.org/10.1007/978-3-032-29924-6_24


4 P. Milczarski, N. Borowski

Let us briefly explain how to apply the Invariant Dataset Augmentation
method for testing only after preprocessing the test image, i.e. cropping and
scaling, to the CNN networks requirements in the following steps:

1. Find the image symmetry invariance features e.g. rotation, mirroring.
2. Define the number of folds of the image.
3. Create the invariant copy/-ies from the original image.
4. Classify images.
5. Use IDA’s worst-case scenario to assign the class to the image.

Table 2. Classification probability of X-ray images using IDA approach for the cho-
sen three images and their invariant copy. Where C19= COVID19(194), C19_m =
COVID19(194)_mir, N = NORMAL (964), N_m = NORMAL (964)_mir, VP=Viral
Pneumonia (314), VP_m = Viral Pneumonia (314)_mir.

CNN
Classification probability by CNN / True Class

VGG19 Xception Inception_v3

Img ID C N V C N V C N V

C19 0.813 0.184 0.003 0.011 0.965 0.025 0.238 0.611 0.151

C19_m 0.007 0.993 3e-4 0.013 0.267 0.720 0.207 0.716 0.077

N 0.005 0.995 2e-4 0.285 0.641 0.074 0.856 0.135 0.009

N_m 0.001 0.999 1e-4 0.740 0.156 0.104 0.984 0.014 0.002

VP 0.000 0.000 1.000 0.0008 0.000 0.999 0.001 3e-4 0.999

VP_m 2e-4 7e-4 0.999 0.001 1e-4 0.999 0.003 2e-4 0.997

In Tables 1 and 2 detailed classification probabilities are presented to high-
light the ambiguous result of the classification. Tab. 1 shows the classification
probabilities for 3 chosen models with 8 IDA augmented images as a test. Tab.
2 shows the classification probabilities for 3 images and its invariant copy for
each class of the X-Ray set. Tab. 2 shows that the classification probability for
3 classes may differ as in the dermoscopic feature case.

Rotations and mirror reflection are used for the dermoscopic images and blue-
white veil feature, asymmetry, pigment network distribution. Seven new copies
are achieved for each image. For X-Ray images only mirroring was applied. These
transformations used by IDA do not change pixels; they are pixel invariant,
mutually unambiguous, and reversible.

For the PH2 dermoscopic dataset [11], in total, 1600 images out of 200 were
achieved. For Derm7pt [1, 10] 8088 out of 1011 images were prepared.

Similar situation applies to X-ray lungs dataset that was built using 3175
cases from the patients with viral pneumonia (1296 images) and COVID-19
(540 images) as well as healthy ones (1339 images). A subset of the RYDLS-20
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dataset [16], consisting of 1144 chest X-ray (CXR) cases, was incorporated into
the analysis.

The COVID-19 dataset of 540 images was collected and chosen [14]:

– 32 from Actualmed COVID-19 chest X-ray data initiative [5].
– 162 from the North America, R. S. COVID-19 radiography database [4, 17].
– 321 from Cohen, Morrison, and Dao. COVID-19 image data collection [7, 8].
– 25 from COVID-19 chest X-ray data initiative [6].

3 Results

Tables 3 and 4 present a detailed comparison of the classification results obtained
on the original model and the model built using the IDA augmented train set.
We show for both approaches the results of testing on the original images (T1),
IDA augmented images (T8), and a worst-case scenario (IDA) i.e. if one positive
the case is positive. We have used several models and studied their behavior, e.g.
InceptionResNetv2 (IRN2), Inception-v3, Xception, VGG19.

Table 3. The classification of the blue-white veil classification using original images
from PH2 as a train set. T1 - test on original images, T8 - test on 8 copies independently,
IDA - worst-case scenario.

CM factor
VGG19 Xception IRN2

T1 T8 IDA T1 T8 IDA T1 T8 IDA

w.ACC [%]
AVG 87.2 88.1 92.2 82.2 80.2 88.0 79.8 78.2 83.9
MAX 98.8 97.5 100 87.7 85.3 94.4 88.9 86.1 93.2

TPR [%]

AVG 77.8 79.6 89.4 66.7 61.8 81.7 62.2 58.4 73.9
VAR 11.7 10.2 8.2 7.9 7.1 9.5 13.3 16.1 10.1
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

FPR [%]

AVG 3.4 3.3 5.0 2.3 1.5 5.6 2.7 2.1 6.1
VAR 2.2 2.0 2.2 1.6 1.1 3.9 1.7 1.3 2.7
Min 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 2.4
Max 7.3 7.0 7.3 4.9 3.0 14.6 4.9 5.2 12.2

Test
F1 Max 0.95 0.96 1.0 0.82 0.79 0.94 0.88 0.80 0.89

MCC Max 0.94 0.95 1.0 0.79 0.74 0.94 0.86 0.76 0.86

The research has been conducted for original and IDA augmented models
with the following conditions:

– the dataset has been divided into 4 equal parts;
– the train and validation dataset consisted of 3 parts (75%) images and the

test of the remaining 1 part (25%);
– the experiments are repeated 5 times for each model and dataset, resulting

in 20 models for each CNN network.
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In the result, different models used the same images as train and validation sets
although their resolutions were different. Detailed results are shown for the blue-
white feature classification because that feature can be easily lost by rotating
the image at a random angle.

Table 4. The classification of the blue-white veil classification using images from PH2
set and its 7 copies as a train set. T1 - test on original images, T8 - test on 8 copies
independently, IDA - worst-case scenario.

CM factor
VGG19 Xception IRN2

T1 T8 IDA T1 T8 IDA T1 T8 IDA

w.ACC [%]
AVG 87.4 87.7 89.5 84.9 84.1 89.5 82.9 82.9 85.5
MAX 94.4 94.3 98.8 92.0 91.3 93.2 88.9 88.0 93.2

TPR [%]

AVG 76.7 77.6 82.7 72.2 69.9 84.4 68.3 67.8 76.1
VAR 12.1 9.6 10.23 7.5 7.9 6.5 8.1 9.3 8.8
Min 55.6 62.5 66.7 55.6 58.3 66.7 44.4 47.2 66.7
Max 88.9 88.9 100 88.9 83.3 88.9 77.8 79.2 88.9

FPR [%]

AVG 2.0 2.3 3.8 2.4 1.7 5.4 2.6 1.9 5.1
VAR 2.3 1.8 1.6 1.7 1.0 1.7 1.4 1.4 3.2
Min 0.0 0.3 2.4 0.0 0.3 2.4 0.0 0.3 2.4
Max 7.3 5.2 7.3 4.9 3.4 7.3 7.3 5.8 12.2

Test
F1 Max 0.94 0.93 0.95 0.84 0.90 0.89 0.88 0.81 0.89

MCC Max 0.93 0.91 0.94 0.81 0.88 0.86 0.86 0.78 0.86

Tab. 3 shows results for the blue-white veil for models that were trained on
a small PH2 dataset (case BW1), where T1 stands for test on original images,
T8 - test on 8 copies independently, IDA - worst-case scenario (case BW8). Tab.
4 also shows the classification results of the blue-white veil for the same models
as in Tab. 3 but trained on the augmented datasets. It can be derived from the
research on 20 models that:

– accuracy and recall values are higher in IDA, BW1 and BW2 cases;
– VGG19 shows that in BW1 case the recall is higher by 6.7%, but FPR is

also higher by 1.2%; F1 test and MCC are higher in BW1 case;
– Xception shows in BW8 case the recall higher by 2.7% with almost the same

FPR as in BW1 case; F1 test and MCC are higher in BW1 case; F1 test and
MCC are higher in BW1 case;

– IRN2 shows that in BW8 case the recall is higher by 2.2%, but FPR is lower
by 1%; F1 test and MCC are the same in BW1 and BW8 cases;

4 Conclusions

The results of the classification should not depend on the image acquisition
conditions, such as angle. Retraining the models on a new augmented dataset is
not often needed. The better results than on the original model and one picture
test approach is also achieved while using the same model but IDA augmented
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images for the test taking into account their rotation importance. The results for
the dermoscopic datasets show the precision between 98- 100%, the true positive
rate 98- 100%, the false positive rate 0.0-2.3%, the F1 test 0.95 and the MCC
test 0.95. The results of the COVID-19 and X-Ray image classification resulted
in precision>97.5% for the COVID-19, balanced ACC>98.5%, the recall (TPR)
around 97%; F1 test = 1.0 and MCC test>0.97 [12].

The advantage of the method is that the trained network is smaller and
more efficient than the new network trained on the eightfold increased data set.
We have also trained the same models using the images and their copies [2, 14,
15]. The results were slightly better than those presented in this paper, but the
models were 8 times larger.
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