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Abstract. Skin cancer is a common disease that affects mankind significantly
every year there are more new cases of skin cancer than the combined incidence
of cancers of the breast, prostate, lung, and colon. With over 5,000,000 new cases
every year skin cancer is a concerning public health predicament. Melanoma and
non-melanoma are the two main kinds of skin cancer, respectively. Melanoma is
a malignant tumor. The 19th most common malignancy in both men and women
is melanoma. The deadliest types of skin cancer are melanoma, which can spread
quickly. The crucial factor in Melanoma cancer treatment is early diagnosis. Doc-
tors usually prefer the biopsy method for skin cancer detection. During a biopsy,
a sample from a suspected skin lesion is removed for medical examination to
determine if it is cancerous or not a biopsy is a painful, slow, and time-consuming
method. This study proposes an end-to-end decision-based system classifiers for
example like neural networks. ConvolutionalNeuralNetworks (CNN)will be used
to classify melanoma or benign. CNN architectures are appropriate classifiers to
distinguish between the images of moles on the skin. This study has used images
from both clinical and dermoscopic images Med-node and ISIC. The procedure
advised in Melanoma detection shall capture images and preprocess. Segment the
acquired preprocessed image and extract the desired feature and classify them as
Melanoma or benign. The model has given an accuracy of 94%, and Sensitivity
and Specificity are at 0.87 and 0.89 respectively.

Keywords: Image processing · Deep learning · Convolutional Neural Network ·
Skin lesion detection · Neural network

1 Introduction

Melanoma is one among the many deadly category of the skin related cancer, occurs
when melanocytes (the cells that provides the skin its brown or tan colour) may start
growing out of control. Malignant melanoma is also one of the fastest growing cancers
[1]. Melanomas may develop on the skin and the other commonly known places are the
neck and face. Chances of getting melanoma on the feet soles, on palms, or under nails
are very high. Melanomas are also seen in other parts of the body for example mouth,
eyes, anal and genitals. A mole (nevus) is a benign tumor on the skin developed from
melanocytes. Every human being may have somemoles. Many of the moles (nevi) could
be harmless but few of them can turn into melanoma. Normal moles are a typical mole
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on the skin is often brown, tan, or black in colour. A mole can have a circular or oval
shape and can be elevated or flat. Moles often measure less than 6 mm (1/4 inch) in
diameter. While many moles first occur during childhood or as an adult, other moles
are present from birth. The mole will typically remain the same size, colour, and shape
for many years after it has developed. Some moles might disappear in the future. The
majority of people have a mole, and many are benign. However, it’s crucial to keep an
eye out for and be aware of changes in mole’s size, colour, form, and texture as shown
in Fig. 1.

Fig. 1. Benign Mole and Malignant [2, 3]

Across the globe, dermatologist advises conducting biopsy and the issue is that the
biopsy extraction of the affected skin lesion is an old invasive method that is very painful
for the patients. However, if a dermatologist is able to detect and remove the mole early
on time more than 90% of malignant melanoma cases can be easily cured. If in case the
melanoma skin disease is identified and not treated immediately there would be chances
of spreading to the other organs such as liver or lung tumor the existence rate of the
patients after surgical operation drops below 20%. With all these challenges on hand,
a non-invasive computer-enabled decision system that will help patients in detecting
melanoma is the need of the hour.

2 Literature Review

Over time different researchers have worked on skin lesion detection systems using
machine learning and deep learning techniques. Melanoma skin cancer if detected early
the disease can be cured. In this study, a solution for detecting early-stage melanoma
skin cancer using CNN is worked. Image processing is done on 514 raw images from
ISIC archive for training and validating our model. The experimental results achieved
74.76% accuracy and 57.56% validation loss [4].

This study is having dataset of 2,056 patients (20.8% with a minimum of one
melanoma, 79.2% with zero melanomas) across three continents averaging 16 lesions
per patient, consisting of 33,126 dermoscopic images and 584 (1.8%) histopathological
confirmed melanomas compared with benign melanoma mimicking data [5].

In this study, an ensemble learning approach combines three DCNNs architectures
such as Inception V3, Inception ResNet V2, and DenseNet. This model produces good
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classification performance with 97.23% accuracy, 90.12% sensitivity, 97.73% speci-
ficity, 82.01% precision, and 85.01% F1-Score. This method gives encouraging results
in classifying skin lesions for cancer diagnosis [6].

A Real-time image augmentation with the algorithm-level method of designing a
new loss function. The training dataset has 24,530 dermoscopic images. The proposed
EfficientNetB4-CLF model gives the highest accuracy of 89.97% and also the highest
mean recall of 86.13% [7].

Generic algorithms can be used to successfully identify appropriate architectures for
the diagnosis of melanoma, resulting in an overall prediction performance improvement
of 11% and 13%. To help dermatologists, the suggestion was turned into an online
application [8].

In this paper, two techniques are used to categorize the stages of melanoma cancer.
Stage 1 and stage 2 melanoma are categorized using the first technique. The second
technique dividesmelanoma into three stages: stage 1, stage 2, and stage 3. The suggested
system employs the Similarity Measure for Text Processing (SMTP) loss function and
a CNN algorithm. The exhibited and compared experimental findings with various loss
functions include the proposed SMTP loss function [9].

Images of the dermoscopic kind, containing various cancer samples, are gathered
for this investigation from the databanks (ISIC 2016, ISIC2017, and ISIC 2020). Model
has been assessed using F1 score, recall, specificity, recall, precision, and accuracy.
Accuracy rates for the proposed DCNN classifier were 81.41%, 88.23%, and 90.42%
[10].

To analyze the performance of the Deep Generative Adversarial Network developed
two CNNmodels to function simultaneously based on the architecture of ResNet50 and
VGG16. DGAN performed very good on the conventional data augmentation by having
a performance of 91.1% for the unlabeled dataset and 92.3% for the labeled dataset. On
the other side, CNN models with data augmentation performance were at 70.8% for the
unlabeled dataset [11].

This research paper limits review to skin cancer classifiers. In particular, CNN for
segmentation or for the classification of dermoscopic patterns is not considered here.
Further this study dwells upon why the comparability of the presented procedures is
very difficult and what type of challenges has to be addressed in the future [12].

This paper has reviewed studies on (AI/ML) algorithms aiming to facilitate the early
diagnosis of skin cancers. Researchers evaluated MEDLINE, Embase, Scopus, andWeb
of Science (from Jan 1, 2000, to Aug 9, 2021) further and have published the summary
(Fig. 2).

CNN in order to process two-dimensional input, CNN is a Multilayer Perceptron
(MLP). Because it contains a deep network and is frequently used for processing and
interpreting picture, CNN is one of the types of neural networks. CNN architecture
is comparable to that of neural networks in that each CNN neuron has a function for
bias, weight, and activation. In the CNN architecture the convolution layer with ReLU
activation is initiated, Pooling layer is employed for extracting feature, and the fully
connected layer with SoftMax activation as the classification layer. Below, the paper
will briefly go over each of the CNN layers. The first layer to process the image as an
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Fig. 2. Summary of Melanoma Studies [13]

input system model is the convolution layer. The feature map is an image that has been
processed using a filter to extract features from the input.

ReLU (Rectified Linear Unit) is a CNN activation layer used to enhance neural
network training, which has the advantage of reducing errors. Rel-U sets all of the
pixels’ values to zero when a pixel picture contains a value other than zero [14].

The pooling layer has various advantages, including the ability to gradually reduces
volume of the output on the feature map and the ability to control over-fitting. It is
typically introduced after several convolution layers in the CNN method [15].

The pooling layer also reduces the amount of computation only needed to run in the
network and the number of parameters to make learners use.

A convolution layer’s features map summarizes the features that are present in a
particular region. The ensuing operations are performed on summarized features rather
than the precisely positioned features that are created by the convolution layer. This
advantagemakes themodelmore resilient to alterations in the arrangement of the features
in the input image.
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Utilizing maximum or mean pooling, data is reduced utilizing the pooling layer. In
contrast to mean pooling, which chooses the average value, max-pooling will choose
the maximum value.

Hyperparameter
The performance of the model can be impacted by the hyperparameter, which has
changing values that persist during the training of model. Adaptive Moment Estimation
and Nesterov-accelerated Adaptive Moment Estimation, Stochastic Gradient Descent
(SGD), Root Mean Square Propagation (RMSprop), are examples of hyperparameters
that are frequently employed as optimizers (Nadam).

A recurrent optimization technique called stochastic gradient descent (SGD) aims
to improve the model by applying superior functions like differential or subdifferential.
Each training sample is treated as a new parameter by SGD. A common technique for
creating deep learningmodels is called RootMean Square Propagation (RMSprop) [16].

This optimizer is a variation on the Root Propagation algorithm (Rprop). Rprop
cannot initially be applied to files containing a lot of data. Moving the gradient average
at the model’s time is the core of RMSprop. RMSprop and momentum are combined
to create the Adam optimizer. Additionally, this optimizer employs an average weight
gradient [17].

Adam will be used in this research, compared to other optimizers, Adam is fast
and utilizes less memory, and also can handle noisy issues with sparse gradients. Thus,
Adam andNAG are combined to create Nadam (Nesterov-accelerated AdaptiveMoment
Estimation) (Nesterov accelerated gradient).

3 Objective and Methodology

The objective of this study is to analyze and classify the mole images sourced either
photographedusing a smartphone or a dermoscopic device. Provide access to a computer-
enabled automated, reliable system that can detect melanoma via digital images. The
Model using CNN shall be able to process and classify both clinical and dermoscopic
images. Analyze images of lesions in a very short time can be a very useful tool in
the area of medical diagnosis. The model with end-to-end decision system can detect
melanoma patients’ lives can be saved at very low cost.

The paper follows CRISP-DM framework. It is a process model which explains
approaches in data mining. It is the most widely used model in analytics. It was con-
ceived in 1996 IBM Corporation released a new methodology called Analytics Solu-
tions Unified Method for Data Mining/Predictive Analytics (ASUM-DM). It refines and
extends CRISP-DM and has six steps [18]. Further each of the process steps is being
discussed in detail from business understanding to data understanding, data preparation,
modeling, model evaluation, and deployment feasibility.
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4 Business Understanding

Melanoma is a an skin growth or tumor produced due to melanocytes transformation
into malignant. Melanomas usually occur on the skin. The number of cases of melanoma
skin cancer diagnosed worldwide is expected to rise by 18% to 340,271 with the number
of deaths increasing 20% to 72,886 by 2040 [19].

Malignant melanoma is the deadliest and speedily increasing skin cancers across the
globe. The easy solution would be to get diagnosed early is very much significant to get
curedwith a simple excision if detected early. The paper objective is to determine that any
image source be it clinical or dermoscopic are used to determine benign or malignant.
Melanoma cases diagnosedworldwide is expected to rise by 18% to 340,271, the number
of deaths increasing 20% to 72,886 by 2040. Close to half a million (466,914) people
are expected to be diagnosed with melanoma skin cancer an increase of 62% against
2018 data while 105,904 are expected to die from this deadly skin cancer disease which
will be an increase of 74%.

Many studies conducted have used either dermoscopic or clinical images, very min-
imal studies have been done using both the images together. An inclusive model that can
process any mole image and classify as melanoma or benign. Medical practitioners and
patients need an easy method at a faster rate in identifying the melanoma and stop the
disease spreading further. Need to detect early and classify a normal mole to evolving
Melanoma. Highly-trained specialists are required to accurately diagnose Melanoma
early which is a very big challenge due to the shortage of experts. Melanoma is more
dangerous and has increased over the last decade and early detection of a mole becoming
cutaneous melanoma will help reduce mortality rates. The prevalence rate is the propor-
tion of people in the population who have a specific disease or attribute at a specific time
or within a specific period (CDC Centers for Disease Control and Prevention 2019). In
theUnited States fifth,most common cancer amongmen andwomen ismelanoma.White
people are more impacted with melanoma than black people which is 20 timesmore than
later. Most women are diagnosed with melanoma much before the age of 50 however
the average age of diagnosis is 65. The development of melanoma occurs when people
grow older which is a very common phenomenon. This is also seen younger population
who are 30 plus age. Melanoma is the common cancer diagnosed among young adults
and older people, mainly in women. Around 2400 cases estimated in 2020 are projected
to be diagnosed in the age group of 15 to 29. Skin cancer cases including melanoma have
been progressively increasing for several decades. The number of melanoma diagnoses
among persons in their 30s decreased somewhat for males and stayed stable for women.
Increased sun protection practices and a decline in indoor tanning are probably con-
tributing factors to the decline of melanoma among younger people. Melanoma makes
for about 1% of all skin cancer diagnoses in the US. But out of all skin cancer disorders,
melanoma is the one that claims the most lives. In the United States, it is anticipated
that 7,650 deaths from melanoma (5,080 males and 2,570 women) will take place. But
thanks to early detection and treatment, the number of melanoma deaths fell by about
4% annually from 2015 to 2019.
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5 Data Understanding and Data Preparation

The datasets are digital photos taken in 2018 and 2019 from a pool of consecutive lesions
samples taken from the ISIC. These photographs were captured using digital cameras in
a variety of resolutions while operating in nonpolarizing or polarizing modes. Images
with poor image quality, ambiguity, or clarity were not included in the dataset. Figure 3
shows various examples ofmelanoma photos for classification. The images aremanually
evaluated and classified as either benign skin lesions or melanoma (Fig. 3).

Fig. 3. Sample Melanoma and Nevus/ Benign Images (ISIC Archive, 2019) [2]

Images were labelled as benign, nevus, and Melanoma from below sites were used
from [2, 3]. 170 images were put into the dataset relying upon their analysis label
which has been extracted from the metadata of the pictures. 70 images of melanoma
and 100 images labeled as nevus and benign are used in this study. 170 images are
non-dermoscopic melanoma and out of that100 are nevi. The image dimensions range
from 201× 257 to 3177× 1333 pixels. The dataset has been prearranged into 2 classes
containing malignant melanoma Images and the other nevus images. The images from
ISIC and from the Med-node archive have been chosen randomly and clubbed for the
training, test, and validation.

When transforming images, image augmentation is a crucial technique used that
may produce numerous transformed copies of the same old image. Depending on the
procedures used for picture augmentation, such as shifting, rotating, flipping, etc., each
image copy differs from the other images in someways. This technique is frequently used
for creating deep learning models because applying this image augmentation in small
amounts of variations on the original image does not deviate from its target class but
only offers another new perspective of capturing the real object practically in day-to-day
clinical life.

Images of a nevus with a raised mole with different colors of tan and brown were
included. The shapes of the images are oval, round, dome-shaped were part of the data
set. The images were largely free from hair. The ISIC data set of benign moles was in
a pointed and round shape with bluish color in the background. Malignant melanomas
were a combined data set from ISIC and Mednode in equal numbers. The idea was to
include the data set variation of two different sources and derive the model.
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By ensuring that no identical image is ever used twice during training, the image
data generator will go through the image data and randomly change each unique image
before it is provided to the model. Rotations, shears, flips, and zooms are just a few of
the transformations that can be set when the data generator is instantiated as parameters.
This transformation helps to avoid the model from learning noise in the data, such as
where features are placed in the image, and makes the model more robust as it trains on
slightly distorted images.

One another main obstacles is the big size of the images. The input feature dimension
is 1760 * 1470 and the Med-node image dimensions range from 201 * 257 to 3177 *
1333 pixels. This feature size will be very big for computation to process and push to
the neural network especially CNN as it also depends on the number of hidden units.
The images have three RGB (Red, Green, and Blue) channels, but because of their great
computational capacity, they can only be read as a single channel. The data set’s image
extent is very large in both dimensions of width and height. For instance, a photograph
with a width of 1760 and a height of 1470 is highly difficult to process and requires more
computing power to register several pictures, which is time-consuming and wasteful of
resources. The photographs must be scaled as a result of the aforementioned factors so
that the machine can process the images using less memory and graphical processing
resources. The approach is defined to address these two issues while reading the photos.
in such a way that just one-color channel is retained. Grayscale images are generated
from original images for easy process.

There are three layers present in the suggested system. The input layer, which is the
initial layer, here the data sets for training are placed. Information from the input layer
is gathered that provides by adding weight before moving on to hidden levels. While
the patterns are identified, the hidden layer’s neurons extract the data’s features from it.
Using the patterns as foundation right classes are chosen by output layers. As last step
binary classification is used, to select classes 1 and 0. Class 0 in this study denotes a
benign nevus or mole, whereas class 1 denotes a malignant melanoma with cancerous
cells.

Each of the preprocessed images is saved along with their classes. From the dataset,
benign and malignant images are taken for further processing. Images are discarded if
they are not labeled. At last, the images recorded are fed to CNN. The CNN feature
that allows you to reduce the size of the image is important and practical. By choosing
a stride of 2, for example, you can confuse the image by taking into account both the
horizontal and vertical orientations separately.

Image size is reduced to speed up computation, pooling layers are frequently utilized.
Convolutions and pulls are then applied to extract more complicated features. After
features flattened to single layer images are fed to fully connected neural network of the
model, The intended outcome, which is either benign or cancerous, is then discovered
after using the SoftMax.

6 Modeling

The pre-processing model in this study involves merely normalizing the photos, which
is benign. The photos are scaled here in this step. Before processing the photos, the data
must be multiplied by the rescale factor. The proposed model would struggle to process
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the original images’ RGB coefficients, which range from 0 to 255, at a standard learning
rate, thus the values are scaled to be between 0 and 1, or 1/255, instead. In this study,
the proposed CNN model has the first layer the convolutional (Conv2D) layer which is
like a set of learnable filters opted for 32, 6 × 6 filters for the two first conv2D layers.
Each filter transforms a part of the image (defined by the kernel size) using the kernel
filter. The kernel filter matrix is applied to the whole image. Filters can be seen as a
transformation of the image. From these altered images, CNN can pick out elements
that are valuable everywhere (feature maps).

The pooling (MaxPool2D) layer of CNN is the second crucial layer. This layer
merely serves as a down sampling filter, selecting the maximal value after examining
the two nearby pixels. These are employed to lower computational expenses and, to a
lesser extent, to lower overfitting. After the first two layers followed with Max pool size
2x2 combining convolutional and pooling layers, CNN is able to combine local features
and learn more global features of the image.

Dropout is a regularization technique in which, for each training sample, a portion
of the layer’s nodes are randomly disregarded (their weights are assigned to zero). As
a result, a piece of the network is dropped at random, forcing the network to acquire
features in a distributed manner. Additionally, this method enhances generalization and
lessens overfitting. Dropout in the suggested model is set to 0.3.

‘relu’ is the rectifier (activation functionmax (2,2). The activation of rectifier function
will add non-linearity in the network. Final feature maps are converged into single ID
vector by using the Flatten layer. In order to employ fully connected layers after several
convolutional/maxpool layers, this flattening step is required. It incorporates every local
feature discovered in the earlier convolutional layers.Ultimately fully-connected (Dense)
layer is used as anANNclassifier.Adamoptimizer provides better results. This algorithm
is an extension of stochastic gradient descent adopted for deep learning applications.

7 Model Evaluation

The images labeled as “Nevus” and “malignant” were used. The sourced dataset has
been organized into 2 classes one with Malignant Melanoma Images and the other
Nevus Images with 70/30 for train and validation.

According to the model summary in this paper, the first layer has 3488 parameters.
From the abovemodel, the summary understands that the output of each layer of Conv2D
and MaxPooling2D layer is a 3D tensor of shape (height, width, channels). The dimen-
sion’s width and height would shrink as learning goes deeper in the network. The first
argument 32 controls the number of output channels for each Conv2D layer. The conv
layers are employed to reduce the number of parameters and find local patterns.

Flatten has been employed to connect conv to dense. Dropout 0.3 has been used to
avoid overfitting. A dense layer has been employed after conv layers; dense layer helps
in classifying the extracted features provided by conv layers. The proposed CNN model
has the first layer the convolutional (Conv2D) layer which is like a set of learnable filters,
the first two conv2d layers has 32, 6 * 6 filters. Using the kernel filter, each filter alters
a specific area of the image. The entire image is subjected to the kernel filter matrix.

Filters can be thought of as a picture alteration. From these transformed photographs,
CNN can pick out elements that are valuable everywhere (feature maps). The pooling
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(MaxPool2D) layer of CNN is the second crucial layer and serves as down sampling
filter, choosing the maximum value from the two nearby pixels. These are employed to
lower computing costs and may, to a certain extent, lower overfitting.

TheModel has run for 60 epochs with training loss at 0.177 and accuracy at 0.94. The
model is able to learn until the 60th epoch with validation loss reducing from 0.45 to0.38
and Validation accuracy at 0.88. This proposed CNNmodel has better performance even
after combined two data sets from ISIC and Med-node. From the literature review, it is
learned that many studies have either used one of the datasets while training the model.
This model can perform better even with the images having a small mole, large moles,
and raised moles with different colors of tan and brown moles.

7.1 Model Performance

The model performance in Fig. 4. Has achieved an accuracy of 94% with training loss
at 17.6%, The Validation loss is at 38% for the 60th Epoch and has been decreasing
meanwhile the Validation accuracy is increasing which is a good indication that the
model is still learning.

Since the validation loss is at 38% the confusion matrix as depicted in Fig. 5. Has
very less false positives which are labeled as melanoma instead of nevus. However, the
model is able to detect the true positive better. The model also is a better type II error
the false negative rate is also low.

Fig. 4. Training _Validation Plot

Other Metrics Equations and Results.
Sensitivity = TP/(TP + FN) 14/ (14 + 2) = 0.87.
Specificity = TN/(TN + FP) 17/ (17 + 2) = 0.89.
Precision = TP/(TP + FP) 14 / (14 + 2) = 0.87.
Negative Predictive Value = TN/(TN + FN) 17/ (17 + 2) = 0.89.
Accuracy = TP + TN/(TP + TN + FP + FN) 14 + 17/ (14 + 17 + 2 + 2) = 0.88.
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Fig. 5. Confusion Matrix

8 Deployment

The data pipeline appears to arrange the deployment for the future as the business
requirement is to create a front-end API as an application. The Complete deployment is
not the scope of this project study however have considered the below deployments as a
reference for future work. The goal of this stage is to actualize end-to-end applications in
which images are taken from smartphones or digital cameras and appropriately classified
after the images are run through the preprocessing data generator layer and further fed
through the model to detect Melanoma via a Flask API displayed in the UI / dashboard.
One of the deployment- Overview of Fully Automated Approach for Early Detection of
Pigmented Skin Lesion Diagnosis Using ABCD [20].

Dermatologists all over the world use ABCD as the primary tool for diagnosis while
patients use it as a self-examination tool and as a common reference for various skin
cancer diagnosis models. This ABCD model is made up of the four main warning
signs that can be detected visually and more accurately identified by the computer-
embedded deep learningmodeled automated system to diagnosemelanoma. The features
will then be detected using the ABCD rule based on the image area identified during the
pre-processing and segmentation.

9 Analysis and Results

The proposed CNN model performance on both Clinical and dermoscopic images has
achieved an accuracy of 94%with training loss at 17.6%, the validation loss is at 38% for
the 60th Epoch and has been decreasing meanwhile the validation accuracy is increasing
which is a good indication that the model is still learning.

Since the validation loss is at 38% as per the confusion matrix has very less false
positives which are labeled as melanoma instead of nevus. However, the model is able to
detect the true positive better. The model also is a better type II error the false negative
rate is also low.
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Overall, the model is able to provide an accuracy of 0.94 which is the best among
the studies done on melanoma detection particularly using images from two different
data sets from ISIC and Med-node.

Comparing the results from literature review and from the current study are depicted
in Table 1. The results from the current study are at par however the improvements have
to be made in accuracy and also in classifying right class.

Table 1. Results Summary

Results Tabulation Specificity Sensitivity Precision Negative
Predictive Value

Model Accuracy

Results form this
Study

0.89 0.87 0.87 0.89 0.88

Results form
Literature Review

0.89 0.894 0.93 0.91

10 Conclusions and Future Scope

Skin cancer is a health problem that has caused concern on a global scale, and early detec-
tion of the disease is greatly aided by a reliable automatic melanoma decision system.
The deep convolutional neural network that can be utilized for skin cancer classification
has inspired the suggested Sequential CNN model. The analysis’s findings demonstrate
that the new model is more effective than the evaluated studies and pre-trained classifi-
cation models. The overall ACC for Sequential CNN is 94%. This investigation strongly
suggests using AI to identify the deadliest type of cancer since the current proposed
model is good reliable in predicting the precise classification with a high true positive
rate. We can speed up processing by employing images that are 128 by 128 pixels in
size, have three channels, and an inference time of about 0.1 s per image. As a result, the
suggested technique can perform even better on substantial and evenly distributed skin
cancer datasets. Currently, in this study we have analyzed only malignant and benign
moles in the next study would like to include all types of melanomas and grade them
with severity levels including data fromAsian countries. Currently, the data used is from
western countries [21]. Further would like to deploy end to end model starting from cap-
turing images in digital cameras and a UI to process and produce the results of detection
within minutes with higher accuracy.
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