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Abstract

Monkeypox (mpox) virus has become a “public health emergency of inter-
national concern” in the last few months, as declared by the World Health
Organization, especially for low-income countries. A symptom of mpox in-
fection is the appearance of rashes and skin eruptions, which can lead people
to seek medical advice. A technology that might help perform a preliminary
screening based on the aspect of skin lesions is the use of Machine Learning
for image classification. However, to make this technology suitable on a large
scale, it should be usable directly on people mobile devices, with a possible
notification to a remote medical expert.

In this work, we investigate the adoption of Deep Learning to detect
mpox from skin lesion images derived from smartphone cameras. The pro-
posal leverages Transfer Learning to cope with the scarce availability of mpox
image datasets. As a first step, a homogenous, unpolluted, dataset was
produced by manual selection and preprocessing of available image data,
publicly released for research purposes. Subsequently, we compared multi-
ple Convolutional Neural Networks (CNNs) using a rigorous 10-fold strati-
fied cross-validation approach and we conducted an analysis to evaluate the
models’ fairness toward different skin tones. The best models have been
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then optimized through quantization for use on mobile devices; measures of
classification quality, memory footprint, and processing times validated the
feasibility of our proposal. The most favorable outcomes have been achieved
by MobileNetV3Large, attaining an F-1 score of 0:928 in the binary task and
0:879 in the multi-class task. Furthermore, the application of quantization
led to a reduction in the model size to less than one-third, while simultane-
ously decreasing the inference time from 0:016 to 0:014 seconds, with only
a marginal loss of 0:004 in F-1 score. Additionally, the use of eXplainable
AT has been investigated as a suitable instrument to both technically and
clinically validate classification outcomes.

Keywords:
Deep Learning, m-health, mpox, monkeypox, transfer learning, mobile
optimization

1. Introduction

While the whole world is still dealing with the coronavirus disease (COVID-
19) and its mutations [I], the recent outbreaks of mpoxl] virus (formerly
known as Monkeypox) in different western countries have raised serious con-
cern among public health authorities [2]. The mpox is a zoonotic disease
caused by an orthopoxvirus, and it is closely related with variola (i.e., the
smallpox virus), cowpox, and vaccinia viruses [3]. Although it was first iso-
lated in 1958 from laboratory monkeys, its original hosts also included squir-
rels, rats, and dormice [4].

Since the first human case reported in 1970 in the Democratic Republic
of Congo, the spread of mpox has been always limited to Central and West
Africa, infecting new hosts through close body contact, respiratory droplets,
or animal bites, becoming an endemic disease in those regions. The incuba-
tion period ranges from 5 to 21 days, and the actual disease is characterized
by generic symptoms such as fever, intense headache and muscle pain, while
the most specific sign of mpox is related to the appearance of skin rashes and
eruptions that usually begin within 1-3 days of the appearance of fever and
tend to be more concentrated on the face and extremities rather than on the
trunk [5].

1In the rest of the paper we will use Mpox with capital letter when referring to the
detection class, while mpox when referring to the virus.



Confirmed cases
0

1-9
10-99
e 100-499
e 500-999
e 1000+

Figure 1: Geographical distribution of the recent mpox outbreak [6].

Since the middle of 2022, a continuously increasing number of cases and
sustained chains of transmissions have been reported in regions without di-
rect or immediate epidemiological links to endemic areas, including countries
in Europe, North America, and Australia. On 19 September 2023, the World
Health Organisation (WHO) reported a total of 90,465 laboratory confirmed
cases and 663 probable cases across 115 countries [6], as shown in Figure [1]
Even though mpox is usually not fatal, according to the Centers for Dis-
ease Control and Prevention (CDC), people with severely weakened immune
systems, children under 1 year old, subjects with a history of eczema, and
pregnant or breastfeeding women may more likely get seriously ill or even
die [1].

Such rapid and widespread dissemination of the virus has raised several
worries in the medical community, highlighting the need for proactive coun-
termeasures in order to prevent another global pandemic [5]. In this regard,
recent studies have emphasized how mobile-health systems (m-health), along
with Artificial Intelligence (AI), can represent a game changer in containing
the spread of a virus [8, [9]. In fact, using the plethora of sensors embedded
in modern mobile devices and their increasingly advanced computational ca-
pabilities, smartphones and wearables can be used as low-cost, pervasive,
and non-invasive tools to support the early diagnosis of new cases. For ex-
ample, Rong et al. developed a smartphone-based fluorescent lateral flow
immunoassay for the detection of Zika virus [I0], Brangel et al. proposed the
use of a mobile application to read immunochromatographic strips to detect



antibodies against Ebola [11], while more recent works used Deep Learning
(DL) models to detect COVID-19 digital biomarkers in respiratory sounds
collected by smartphone microphones [12], T3]

In this work, we propose a DL-based m-health solution to detect mpox
from skin lesion images captured by personal smartphones. The considered
use case is the following: the user takes a close picture of a skin region
that the application uses to automatically detect mpox. Technically, we
use Transfer Learning [14] to adapt state-of-the-art Convolutional Neural
Networks (CNNs) models [15] to automatically identify visual features of
mpox skin rashes, distinguishing the typical symptoms of the virus from skin
lesions produced by other pathologies that can be easily confused also by
expert eyes, including Chickenpox and Acne, at different severity levels.

Compared with previous works, this paper addresses three issues. First,
the elaboration of available skin lesion images to make them homogeneous
with respect to skin section focus and measure, to generate a new homoge-
neous dataset. In fact, existing datasets include highly heterogeneous images
(e.g., images of a group of people or of entire parts of body) that are unsuit-
able for the considered problem.

Second, the design of a mpox detection system able to run autonomously
on personal mobile devices at least to provide a preliminary warning to com-
mon users, and that relies on cloud components only for model training and
interaction support with a medical expert. To this end, we optimize the fi-
nal DL model to reduce by 4 the memory footprint of our system, without
negatively affecting its classification performance.

Third, the integration of eXplainable Al (XAl) methods [16] to validate
the system performance in recognizing the disease from skin lesion pictures
and further define a clinical validation process involving medical experts.
According to the literature, XAl techniques greatly improve the general un-
derstanding of deep neural networks [I7], increasing the trust in the overall
system by both medical personnel and final users, thus fostering widespread
adoption of such digital solutions. In fact, the target of our proposal is
twofold: on the one hand, medical experts can take advantage of such a tool
to speed up the diagnosis of new cases, while, on the other hand, final users
can autonomously perform a preliminary screening of suspicious skin lesions
that must be further investigated by their personal physicians or dermatolo-
gists.

In summary, we can highlight our contributions as follows:



e We adopted Transfer Learning and fine-tuned 5 state-of-the-art Deep
Learning models to detect mpox from skin lesion images.

e We performed an extensive evaluation of the considered solutions through
a series of experiments involving the use of a 10-fold cross-validation
technique, and provided an additional analysis aimed at verifying the
absence of possible bias towards specific skin tones.

e We optimize the best model to be able to perform all the data process-
ing and classification directly on mobile devices, compatibly with the
typical memory constraints of commercial smartphones.

e We use XAI techniques to validate our model’s predictions.

e We publicly release all the materials produced in this work, including a
curated selection of data called Mpox Close Skin Images (MCSI ) that
is composed of 400 skin images already pre-processed in order to show
homogeneous characteristics, which are also perfectly balanced over 4
different classes: Mpox, Chickenpox, Acne, and Healthy.

The remainder of the paper is organized as follows. Section 2 presents
the related work regarding the use of Deep Learning in medical image anal-
ysis, including preliminary works recently proposed in the literature for the
automatic detection of mpox through image processing. In Section [3 we
describe in detail our mpox detection system for mobile devices. Section
outlines the experimental setup we adopted to evaluate the classification per-
formance of the considered DL models, and discusses the obtained results. In
Sections [o] and [6] we detail the use of XAI techniques and the mobile-oriented
optimization. Lastly, in Section [7] we draw our conclusions and present some
directions for future work.

2. Related Work

This section first briefly introduces the state of the art in the field of
CNN for medical image analysis and in particular in the field of dermatology.
Then, it analyzes the existing datasets of mpox skin lesions and the mpox
classification techniques.



2.1. Convolutional Neural Networks in medical image analysis

Among the dierent deep neural networks, Convolutional Neural Net-
works (CNNs) represent one of the most e ective architectures for applica-
tions dealing with image datal[18]. CNNs can automatically extract relevant
features from raw input images by using a series of convolutional, nonlinear,
and pooling layers. Thanks to this characteristic, CNNs made impressive
achievements in many computer vision tasks, including image classi cation,
object detection, image segmentation, and face recognition [15].

In recent years, CNNs have also achieved remarkable results in health-
care applications and, in particular, computer-aided diagnosis. For example,
Majumdara et al. [19] proposed an ensemble of 3 pre-trained CNN models,
namely, GoogleNet [20], VGG11 [21], and MobileNetvV3Small [22] for the
detection of breast cancer in histopathological images, obtaining a classi ca-
tion accuracy of 9916% and 985% with two benchmark datasets. Kumar
et al. [23] present a custom CNN model to detect malaria parasites in blood
cell images. Despite the small size of the proposed network (i.e., only 4
convolutional and pooling layers, followed by 2 fully connected layers for
classi cation), the authors were able to obtain an accuracy score of :82%.
Other solutions use CNN as shared feature extractors in multitask models to
classify images and, at the same time, localize speci ¢ elements of the med-
ical image [24]. In the last two years, CNN models have also been adopted
in di erent technological solutions aiming at containing the spread of the
COVID-19 pandemic, including: systems to monitor social distancing and
the use of face masks in public places [25, 26]; to automatically analyze blood
samples [27], chest X-Ray and Computerized Tomography (CT) images [28];
and to fast screening the population by analyzing respiratory sounds collected
from mobile devices, represented as spectrogram images [12, 29].

Dermatology is another eld of application where the use of CNNs is in-
creasingly investigated [30]. Among others, Shetty et al. compare the perfor-
mance of several shallow classi ers (e.g., Random Forest and Support Vector
Machines) with a custom CNN in classifying dermoscopic images of di erent
types of skin lesions for skin cancer detection [31]. The paper shows that,
using a dataset of 700 images and data augmentation techniques, CNN over-
come the best classi ers by 7%, scoring an overall accuracy of B86. Roy
et al. [32] explore several segmentation approaches to detect di erent skin
diseases (e.g., candidiasis and cellulitis). Finally, Kassem et al. [33] reports
94:92% accuracy by using transfer learning and a pre-trained GoogleNet to
detect melanoma among 8 di erent classes of skin lesions.
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Table 1: Mpox datasets

Name Images Classes Auvailable
MSLD [34] 228 2 Yeg
MDS22 [35] 161 4 No
MSID [36] 770 4 Yes
RMSD [37] 2056 2 Ye$
DM [38] 117 2 Yes
MPXV [39] 139198 2 No
MCSI (ours) 400 4 Yes

2.2. Datasets of skin lesions for mpox detection

Since one of the most common symptoms of mpox is the appearance of
skin rashes and lesions, the analysis of skin images is a promising solution
for the early detection of this novel global outbreak of the virus. Thus, an
annotated dataset of images is required to train the model.

The existing available datasets include images of skin lesions caused by
mpox as well as images in other classes, for example, images of the skin
without lesions or with lesions caused by other diseases. The six datasets
proposed in the literature are summarized in Table 1.

Ali et al. [34] present theMonkeypox Skin Lesion DatasefMSLD)? con-
taining 228 skin lesion images collected from di erent sources on the Inter-
net and divided into two classes:Mpox cases and a generi©thers class,
which includes skin lesions caused by other diseases (e.g., Chickenpox and
Measles), but also samples without evident lesions. Ahsan et al. [35] provide
the Monkeypox-dataset-2024MDS22), which includes a total of 161 im-
ages of Mpox, Chickenpox, Measles and skin without any lesions labeled as
Healthy. However, at the time of writing, MDS22 is no longer accessible. The
third dataset, called Monkeypox Skin Images DatasgtMSID) [36] includes
770 images divided in the same 4 classes M®S22°. The fourth dataset,
called Robo ow Monkeypox Skin Datase(RMSD) [37] includes 2056 images
divided into 2 classes aMSLD. The positive class includes augmented images

2https:/iwww.kaggle.com/datasets/nafin59/monkeypox-skin-lesion-dataset
3https://www.kaggle.com/datasets/dipuiucse/monkeypoxskinimagedataset



of mpox, while for the negative case, di erent images were web scraped for
di erent pathologies such as Lyme, Drug Rash, Pityriasis Rosea Rash, and
Ring Worm#. The Data_monkeypox OM ) [38] is another dataset available

on Kaggle® and includes a total of 117 pictures collected from web sources.

It comprises 45 images labeled as mpox cases, along with 74 images labeled
as non-mpox. The latter category encompasses both samples without skin
lesions and instances of other pathologies such as scarlet fever and roseola.

Finally, the MPXV dataset introduced by Thieme et al. [39] stands out as
the largest dataset employed in the existing literature for the task of mpox
detection, featuring a total of 139,129 images. This extensive dataset en-
compasses 676 images linked to mpox cases, sourced from various outlets
including scienti c literature, encyclopedia entries, news articles, and social
media. A signi cant portion of these mpox-related images originated from
a prospective study conducted in collaboration with the Stanford University
Medical Center. Additionally, the dataset includes 138,522 images depicting
non-mpox skin lesions, drawn from publicly accessible dermatological repos-
itories and the institutional skin cancer lesion dataset known as Esteva [40].
This last dataset and that derived from the clinical study are not publicly
available due to privacy reasons.

Unfortunately, existing public datasets have severe limitations. First,
they contain very heterogeneous pictures in terms of both resolution and
subjects, including histopathology images, whole-body parts, and full-body
images. For example, one image in MSID represents a group of three people
(normal184), others represent people watching in the mirrorr{ormal198) or
using skin care product flormal188), while others represent full body parts
(chickenpox15 or monkeypox4®s Similarly, RMSD contains web-scraped
images, that in some cases represent monkeyaéges109 images224 Monkeypoxl),
a collage of both normal and positive samplesnages247, or images of hos-
pital buildings (images17, images49. In other cases, images are present in
the test folder multiple times with di erent processing or extracted from dif-
ferent sources image9 1 MONKEYPOX-Bdge59. Also, Altun et al. [37]
take into account skin rashes that are clearly di erent from those caused by
mpox, like those caused by Lyme disease.

While these datasets could possibly be useful for the training of a model

“https://app.roboflow.com/ds/uHWnw424Sk?key=w8Y JKfcD2i
Shttps://www.kaggle.com/datasets/ahmadnasayrah/data-monkeypox



aimed at automatically classifying web-scraped images, we argue that they
are unsuitable for our use case in which the user takes a close picture of
the skin and manually crops it (if needed) so that it only contains the skin
rash and not other visual features. Image heterogeneity may jeopardize the
ability of ML models to perform proper classi cation, due to the presence of
\distracting" irrelevant features [41, 42].

Another limitation is that images in some classes are under-represented.
For example, MSLD contains only 17 images in the measles class. This is due
to the fact that, for some diseases, there are few images that are public and
suitable (e.g., with a su cient resolution). However, dealing with such severe
imbalanced data poses a challenge for machine learning models, which typi-
cally leads to poor predictive performance (especially for the minority class)
due to the lack of an equal distribution of training data samples over the dif-
ferent classes. Although such a problem is usually addressed by oversampling
minority class examples or by undersampling the majority class [43], such an
approach is unfeasible for small datasets such as those publicly available for
mpox. Furthermore, the existing datasets do not include a class of bacterial
skin infections (.9, acne) that, according to the WHO, should be considered
in the clinical di erential diagnosis of mpox [44].

Unlike existing data sets, in this paper we present th®ICSI (Mpox Close
Skin Images) dataset, which includes 400 homogeneous skin images equally
distributed in four classes Mpox Chickenpox, Acne and Healthy ). MCSI
has been collected by merging other public datasets, and it only includes
close skin pictures, as those produced by users taking photos of their own
skin lesions from a short distance. The details related to both data collection
and elaboration are described in Section 4.1.

2.3. Classi cation techniques supporting mpox detection

Three papers propose binary classi cation techniques trained and eval-
uated on MSLD. In particular, Ali et al. [34] compare the performance of
3 popular CNN architectures, namelyVGG16 [21], ResNet50[45], andIn-
ceptionV3 [46], along with an ensemble of the three with majority voting.
The authors note that ResNet50is able to score the best accuracy, 856%,
while the ensemble solution shows a lower performance than the single mod-
els. Sahin et al. [47] use transfer learning and ne-tuning for di erent CNNs,
with the aim of nding the best model to implement on a mobile device.
The experiments show thatMobileNetvV2 [48] obtains the best accuracy



(91:11%). Finally, Alcah-Rmz et al. [49] present an alternative solution
based on GoogleNet that yields 9@8% accuracy.

Two other recent studies, namely Jaradat et al.[38] and Thieme et al.[39],
delves into the application of deep learning (DL) models for the detection of
mpox in skin images. However, their focus is exclusively on the binary clas-
si cation problem, distinguishing between mpox and non-mpox cases. The
former study uses theDM dataset, yielding an interesting F-1 score of:94
when MobileNetV2 is employed as the prediction model. The latter study
is based on the more extensivBIPXV dataset. They report a sensitivity
of 0:83 and a speci city of Q965 using the ResNet34 model. Their study is
noteworthy for the model performance evaluation across various skin tones
and body regions.

Other three papers present techniques trained oMDS22 or MSID that
hence have the opportunity to distinguish among the four classes de ned
in these datasets. Sitaula and Shahi [50] present a classi er based on an
ensemble of Xception and DenseNet-169 with majority voting. In this case,
the technique is trained and evaluated oMDS22 and it achieves an accuracy
of 87:13%. The paper by Ahsan et al. [51] also proposes a technique trained
and evaluated onMDS22 Speci cally, it proposes two studies using a pre-
trained version of VGG16: the former classi es mpox versus chickenpox,
obtaining 83% accuracy on 18 test images; while the latter obtains 78%
accuracy when comparing mpox with all other cases. Abdelhamid et al. [52]
evaluates optimization algorithms to nd the optimal hyperparameters of
a deep neural network for image classi cation in theMSID dataset. The
solution reports that GoogleNet yields an accuracy of 80%.

Finally, [37] proposes a classi cation technique trained on RMSD. It
compares di erent state-of-the-art models adopting transfer learning in the
task of binary classi cation, obtaining the best results with MobileNetV3
small, with an accuracy of 98% and an F-1 score of:978.

Unfortunately, the presented works su er from a main limitation due to
the characteristics of the considered datasets. In addition, they also present
some issues from the methodological point of view. For instance, [47] and [37]
are evaluated with a xed random split into train-validation-test sets and do
not adopt cross-validation. This approach can lead to over tting the model
on speci ¢ dataset partitions, potentially overestimating its generalization
capabilities and performance when deployed in real application environments,
especially when the training is based on a limited dataset [53]. In other cases,
the papers do not clearly specify the evaluation methodology (e.g., [52]).
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Figure 2: Scheme of the mpox diagnosis infrastructure considered in this work.

Finally, none of the previous papers present solutions optimized for mobile
devices.

In this paper, we train the models with a dataset speci cally designed
for the addressed problem, such @dCSI. We provide a thorough and repro-
ducible comparison of several state-of-the-art CNNs, and we investigate the
obtained results through the use of Grad-CAM [54], a popular eXplainable-
Al technique.

3. Mpox detection system for mobile devices

Figure 2 shows the high-level architecture of the proposed framework to
detect mpox from skin lesion images collected from mobile devices. The
whole process can be summarized in two main stages. In the rst stage, we
rely on the Transfer Learning approach to adapt a set of pre-trained CNNs
to our application scenario, using MCSI to ne-tune their parameters. The
rationale for using existing CNNs is that they have been proven to be e ective
in addressing classi cation problems in the medical imaging domain [55].
However, one limitation of the CNNs is that they need to be trained on a
large amount of data (e.g., Imagenet[56]) and this is extremely expensive in
terms of computational time and resources. We address this limitation by
using existing CNNs for which pre-trained weights are available.After the
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experimental comparison of the models' performance, we identify the best
model for our mpox detection system, which is then optimized for mobile
devices. Since the ne-tuning process includes complex and time-consuming
operations, it is executed on a remote server.

The second stage involves the use of the optimized best-performing model
to identify new mpox cases, performing the whole data processing on user
devices: a new picture is rstly acquired from the device camera and then
cropped in order to contain the target skin lesion. The resulting image is then
used as input to the deep learning model that generates the classi cation.
Moreover, a XAl module is used to both explain and, to some extent, validate
the model's prediction, highlighting the most important sections of the input
image that led to the model output.

In the following, we describe in detail the main building blocks of the
proposed solution.

3.1. Model selection and ne-tuning

The framework relies on transfer learning to adapt a set of pre-trained
CNNs to our application scenario, thus reducing the dependence on a large
number of training data to build up the target learners [14].

We consider the following 5 CNNs that represent the state-of-the-art on
image classi cation:

" VGG-16 [21], composed by 5 consecutive blocks of convolutional layers
for features extraction, followed by 3 fully-connected layers for classi-
cation. Convolutional layers use 3 3 kernels with a stride of 1 and
padding of 1 to ensure that each activation map retains the same spa-
tial dimensions as the previous layer. A Recti ed Linear Unit (ReLU)
activation is performed right after each convolution, and a max pool-
ing operation is used at the end of each block to reduce the spatial
dimension. Max pooling layers use 2 2 kernels with a stride of 2
and no padding to ensure that each spatial dimension of the activation
map from the previous layer is halved. Finally, two fully-connected
layers with 4096 RelLU activated units are used before a nal 1000
fully-connected softmax layer.

Inception-Resnet-V2  [57] represents a combination of two popular
architectures: GoogleNet [20] and ResNet [45]. While the former is
based on the concept of \Network in Network" [58], where a large
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number of convolutional kernels constitute a very deep architecture to
increase the network's generalization, the latter introduced the idea of
directly bypassing the input information to the output, thus changing
the direct learning target value into learning the residual value between
the input and the output. Inception-Resnet-v2 combines the two con-
cepts, using residual connections instead of Iter concatenation, to both
accelerate the training and improve the performance.

NASNetMobile [59], a simpli ed version of Neural Architecture Search
Network (NASNet) proposed by GoogleBrain, which is a scalable CNN
architecture consisting of basic building blocks, calledells that are
optimized using reinforcement learning. A cell consists of only a few op-
erations, including both convolutions and pooling, which are repeated
multiple times according to the required capacity of the network. The
mobile version consists of 12 cells, with a total of:3 million parame-
ters.

MobileNetV3 [60], a CNN-based architecture especially tuned to best
performing on smartphone CPUs through a hardware-aware Network
Architecture Search (NAS), combining a series of building-blocks de-
veloped by previous models: the depth-wise separable convolutions as
an e cient replacement for traditional convolution layers from Mo-
bileNetV1 [61], the linear bottleneck and inverted residual structure
introduced by MobileNetV2 [62], and the lightweight attention mod-
ules used in MnasNet [63]. The model comes in two avors - which
both are tested in this work - that are MobileNetV3-Large  and
MobileNetV3-Small , which are targeted for high and low resource
use cases, respectively.

For all the aforementioned architectures, we take into account their in-
stances pre-trained with ImageNet [56], a large-scale dataset o 3nillion
images and 1000 di erent labels, which is commonly used to train CNNs in
the image classi cation domain [64]. Note that ImageNet does not contain
labels related to the speci ¢ problem domain considered in this paper. To
mitigate this domain shift, we employ Transfer Learning replacing the last
fully-connected layers of the network with a novel set of classi cation layers
ne-tuned with MCSI dataset.

We then validate the considered models through the use of a 10-fold
cross-validation procedure andHyperband a broadly used hyperparameter
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Figure 3: Example of data augmentations used in our experiments.

selection algorithm for deep neural networks, which is able to speed up the
random search over the parameter spaces through adaptive resource alloca-
tion and early-stopping [65]. In other words, Hyperband uses a combination
of small random searches aimed at partitioning the original search space into
smaller sub-spaces. Once a search iteration is completed, the most promising
sub-spaces (i.e., those that allowed the network to obtain the best results)
are further explored until a performance plateau is reached or the iterations
budget (i.e., the maximum number of iterations) has been exhausted. In this
process, we exclusively ne-tune the nal classi cation layers, which drasti-
cally decreases the number of parameters to be trained and, consequently, the
amount of data required for the training. Furthermore, to mitigate the risk of
model over tting during the training phase, we employ standard techniques,
including Early Stopping and Dropout.

Furthermore, during the evaluation process, we investigate the feasibility
of using data augmentation in our application scenario to possibly improve
the performance of the ne-tuned models. Speci cally, we employ the 6 stan-
dard image augmentation techniques [66] shown in Figure 3: (Rotation,
which changes the image angle, simulating di erent orientations; (iifrans-
lation, simulating di erent positions of the skin rash inside a speci c picture;
(i) Flip, which mirrors the image, thus simulating di erent type of pimples;
(iv-v) Contrast and Brightness simulating di erent settings in the amount
and intensity of light; and, nally, (vij Zoom, scaling the image to simu-
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