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Abstract. The replication of human intellectual processes by machines, particularly
computer systems, is known as artificial intelligence (Al). Al is an intelligent tool that
is utilized across sectors to improve decision making, increase productivity, and
eliminate repetitive tasks. Machine learning (ML) is a key component of Al since it
includes understanding and developing ways that can learn or improve performance on
tasks. For the last decade, ML has been applied in computer vision (CV) applications.
In computer vision, systems and computers extract meaningful data from digital
videos, photos, and other visual sources and use that information to conduct actions or
make suggestions. In this work, we have solved the image segmentation problem for
the natural images to segment out water, land, and sky. Instead of applying image
segmentation directly to the images, images are pre-processed, and statistical and
textural features are then passed through a neural network for the pixel-wise semantic
segmentation of the images. We chose the 5X5 window over the pixel-by-pixel
technique since it requires less resources and time for training and testing.
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1 Introduction

For the last decade, ML has been applied in computer vision (CV) applications [1]. In computer
vision, systems and computers extract meaningful data from digital videos, photos, and other visual
sources and use that information to conduct actions or make suggestions. Artificial intelligence
allows computers to comprehend, but computer vision enables them to see, watch, and understand.
Human vision and computer vision are comparable, yet humans have an edge. The human visual
system has decades of context to learn how to distinguish things apart, how far away the things are, if
they're moving, and if a picture is inaccurate [2].

In computer vision (CV), models are trained to do the activities using algorithms, cameras,
and data rather than optic nerves, visual cortex, and retinas [3]. A machine trained to inspect products
or track a production asset could examine hundreds of processes or products per minute, identifying
flaws or irregularities that are otherwise invisible [4]. Computer vision is used in a broad variety of
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sectors, from manufacturing and automobiles to energy and utilities [5]. It is estimated to reach $ 48.6
billion by the end of 2022 [6]. One of the key applications of computer vision is image recognition,
which involves training models to classify and identify objects, scenes, and people in images. One
example of a computer vision application is the development of self-driving cars. These vehicles rely
on a combination of sensors, such as cameras and lidar, to gather visual data about their surroundings.
Advanced machine learning algorithms are then used to analyze this data and make real-time decisions
about how to navigate the environment and avoid obstacles. Other examples of computer vision
applications include security and surveillance systems, which can be trained to detect and identify
suspicious activity; medical image analysis, which can be used to diagnose diseases or identify
abnormalities; and industrial inspection, which can be used to identify defects or problems in
manufacturing processes.

Image segmentation is a commonly used technique in digital image processing and analysis. It is
mainly used to partition an image into multiple parts or regions, often based on the characteristics of
the pixels in the image. Image segmentation could involve separating foreground from background, or
clustering regions of pixels based on similarities in color or shape. Figure 4 provides an example of
image segmentation. Recently, with the advancement of modern computer vision-based techniques,
image segmentation has been a focused research topic for the industry and research community. A
plethora of research methods are available for fast image segmentation. However, most of the methods
are overly complicated and resource exhaustive. Due to higher resource requirements and human
dependency, they are not very helpful in real-time application.

In this work, we have solved the image segmentation problem for the natural images to segment out
water, land, and sky. Instead of applying image segmentation directly to the images, images are
preprocessed, and statistical and textural features are then passed through a neural network for the
pixel-wise semantic segmentation of the images. We chose the 5X5 window over the pixel-by-pixel
technique since it requires less resources and time for training and testing.

The rest of the paper is structured as follows. The section 2 shows the detailed literature review on this
topic. Section 3 goes for the mathematical principles employed in this study and methodology. Section
4 discusses the suggested strategy, while section 5 discusses the findings. Finally, in section 6, the
findings are summarized.

2  Literature Review

This section discusses the existing literature related to Feature extraction and image segmentation. The
studies [7], [8] make use of red, blue, and green, band combinations to maximize overall distinction
between foreground & background elements such as plants and soil. Excess green minus excess red
(EXGR) or excess green (ExG) indices were employed incorporation with automated and positive
criteria for automatic background or foreground segmentation. However, the indices of other
color have been created to increase segmentation quality and to deal with ambient lighting [9]. The
article referred in [10] refers to research that presents a cloud detection approach based on deep
learning (DL) called multi-scale convolutional feature fusion using various sensors’ remote sensing.
The symmetric encoder-decoder module of network architecture offers both global & local
environment by increasing density of feature maps using convolution which can be trained filter edges
used to retrieve high-level multi-scale majority of the spatial data covered in the study. The spatial
features can be used to determine contrast, energy, uniformity, and various other mentioned features of
consideration in this study. The study in [11] provides a completely automated pipeline that detects
every object in a class videos set. Based on motion segmentation, the technique identifies candidate
spatio-temporal tubes and afterwards picks one tube for one video jointly across all videos. The studies
for the method used in [12] show that it can segment several kinds of pictures such as gray scale,
texture, & color, and outperforms the old technique.

The research alluded in [13] employed multi-level regressions using random effects of neighborhood-
level to investigate associations among scores of GDS-15. These blue & green space exposed
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measurements where depressed symptoms were measured using the abbreviated Geriatric Depression
Scale (GDS-15). The paper's findings reveal that blue and green space metrics produced from photos
of street view, are not associated with the measures based on satellite. While normalized difference
vegetation index (NDVI), a dimensionless measure that distinguishes between plant cover's reflectance
in the visible and near-infrared, was substantially connected to GlobeLand30 green space (a typical
dataset), NDWI was only modestly connected with it. The study [14] refers to an article that explores
the relationships between socioeconomic (SES) & street green space elements within Los Angeles
(LA) County, California. The photos of Microsoft Bing Maps combined with DL algorithm were
utilized to assess overall categories of the street view green space, that were contrasted to the generally
employed satellite-based green space metric also known as NDVI. NDVI was substantially connected
to green space consisted of total street views-& trees, but only weakly related to low-lying grass
and vegetation. Generally, green space, as well as three categories of green space, had substantial
negative connections to local SES.

A correlation criterion is employed in [15] to determine the relationship between psychological
perceptions of residents and urban visual space, examine the visual space metrics impact on the
subjective view of residents, and concentrate on if blue-green space has been affected by enclosure,
openness, traffic flow, walkability, and, imageability within the process of its impact on the
psychology of city residents. The research of [16] also analyzes correlation like an image’s distinctive
feature. The study in [17] investigates the relationship between socio-economic variables,
and inhabitants' demographic such as gender, monthly income, education, and housing location, and
their desire to live near to urban green space to take part in leisure activities (the recreation need). The
RGB color data of item was extracted from background as well as other objects employing multilevel
thresholding. A range of nature images were used to study color information. The color information
can also be used to analyze the image using various other spatial and statistical features mentioned in
the considered features for literature study. The research in [18] showed that convolutional neural
networks (CNN) are appropriate for studying 3D scene layout using noisy labels and deliver a 7%
relative improvement over the baseline by conducting qualitative and quantitative testing on publicly
accessible datasets. Furthermore, merging color planes offers a road areas' statistical description with
maximum homogeneity and an 8% improvement over the baseline. It is improved further by
combining collected and current data from a single picture.

The work in [19] proposes a multi-feature learning approach for quantifying outdoor field vegetation
development. The presented technique is compared to cutting edge as well as other digital picture
learning techniques. All approaches are assessed and compared using a variety of environmental
situations as well as the following criteria: (1) comparing ground-truth photos, (2) variance over the
course of a day due to variations in changing light, (3) comparison with human measurements, and (4)
performance assessment throughout the course of wheat canopy's whole life cycle. The suggested
technique in [20] was tested on the KITTI dataset that was publicly available and had been
supplemented with extra pixel & point-wise semantic annotations for the sidewalk, building, sky,
vegetation, road, automobile, pedestrian, sign/pole, bicycle, and fence areas.

In [21], features are introduced that project 3-dimensional cues back toward the 2-dimensional picture
plane while representing spatial context and layout. A randomly selected decision forest integrates
several of these variables in order to accomplish coherent 2-dimensional segmentation and detect the
item categories available. The research in [22] employs machine learning algorithms on a machine
vision strategy to deal with color, spectral, texture, and shape analysis from object images. This study
thoroughly examined the current use of statistical ML algorithms in systems of machine vision,
analyzed every technique's capability for specialized application, and provided a review of instructive
instances in several agricultural fields. In [23], a comparison examination is made between LAB &
HSV color spaces in terms of color picture segmentation. When mean square error (MSE) & PSNR are
used as performance criteria, it is discovered that HSV outperforms LAB. Color is the most often used
attribute for visual plant segmentation in the articles cited in [24] because of its cheap processing cost,
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resilience, particle occlusion, and resolution variations. Color qualities are readily retrieved and remain
reasonably stable when seen from different angles. Color-based approaches, on the other hand, have
difficulty preserving color consistency within and between photographs of the same item owing to
variations in lighting conditions, shadows, inter-reflections with many objects, and so on. Color space
conversions like HSL, YCbCr, CIELab, HSV, and CIELuv could help to reduce these impacts.

The study in [25] investigates the resilience of several color spaces (for example, HSV and RGB) for
the water segmentation, as well as how to employ multiple color channels for testing and training to
optimize robustness. We assess segmentation accuracy on a difficult, previously unreported test
dataset collected under radically varied settings and with various equipment. The research [26]
examined the clustering-based image segmentation approaches used on magnetic resonance pictures of
the human brain to discover white matter hyperintensities. They carried out assessment approach in
MATLAB to demonstrate the proper valuation procedure. By using a computer-assisted tool, they
determined the best approach for watching and evaluating medical pictures. This study [27] provides a
quick overview of the most prevalent segmentation approaches, including as model-based
segmentation, thresholding, clustering, edge detection etc. highlighting their benefits and downsides.
They expressed that some of the strategies work well with noisy photos. They concluded that Markov
Random Field was the most effective approach of picture noise cancellation, while thresholding
was the most basic technique for segmentation. The picture segmentation techniques covered in [28]
could be graded according to their application, appropriateness, computational cost and performance.
They considered Gray-level segmentation methods like as region-based algorithms and thresholding
as the most basic segmentation method that had limited uses. They observed that the efficiency of
these method, however, would be enhanced by combining them with Al approaches. They discussed
that textural feature techniques based on atlases or look-up tables provided great results in medical
picture segmentation. They also described the disadvantage of the atlas-based approach that it had
become difficult to choose and label data under specific conditions; it had issues segmenting
complicated structures with changeable form, features, and size. They concluded that in such cases,
unsupervised approaches like the fuzzy-c-means methods were preferable. The study cited in [29] the
typical picture segmentation approaches like single linkage, clustering, hybrid linkage, spatial
clustering, split & merge, and region expanding. They observed that these methods could be
strengthened if they relied on some form of statistical testing for equal distribution of means.

3 Materials and Methods

Image segmentation is described as a function that processes image inputs and outputs a segmented
image. The result is a matrix or a mask with different components indicating which instance or object
class each pixel belongs to. Image segmentation could benefit from a number of high-level image
properties or relevant heuristics. These characteristics serve as the foundation for traditional image
segmentation techniques that employ clustering methods such as histograms and edges. The most
typical heuristic example is Color. Graphic designers mostly utilize the green screen to assure that the
picture background is consistent in color, allowing for automated background replacement
and detection in post-production.

Contrast is another important image segmentation tool which can readily discern between a bright
background such as sky and a dark figure. Based on sharply contrasting data, the algorithm determines
pixel boundaries. Conventional image segmentation algorithms relying on these heuristics could be
quick and easy, but they sometimes need extensive fine-tuning to meet particular use cases via
manually generated heuristics. These heuristics are not always precise enough to be used for
complicated pictures. ML and DL are used in newer segmentation approaches to improve flexibility
and accuracy.

Model training is used in image segmentation algorithms based on machine learning to increase the
program's capacity to recognize relevant characteristics. The technology of deep neural network is
very useful for the image segmentation. There are several neural network architectures and
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implementations that are appropriate for the image segmentation. They all have the same essential
components that are given below:

An encoder is a set of layers to extract picture data by applying deeper and narrower filters as the
layers proceed. The encoder could have been pre-trained on a repetitive task for example, image
detection, enabling it to use its prior expertise to execute segmentation tasks. A decoder is a sequence
of layers that progressively turn the output of encoder into a segmentation matrix according to the
pixel resolution of the input picture. Skip connections are multiple long-distance neural network
connections that enable the model to recognize characteristics at various sizes in order to improve
model accuracy. We employed following method for the image segmentation of natural photos in our
research.

3.1 Feature Extraction

The idea of this project is to use natural images and segment out Water, Land and Sky area pixels by
extracting statistical and textural features [30] and utilizing machine learning algorithms [31]. The
features of interest under consideration used for the accurate segmentation of the images are as
follows:

3.1.1 Contrast

The contrast of a picture is the variation in brightness between its dark and light portions [32]. It also
controls how many shades are in the picture. A low-contrast picture contains detail but lacks depth and
seems soft [33]. Normal contrast images are sharp and maintain detail and depth.

3.1.2 Correlation

Correlation is a measure of similarity between two images [34]. The correlation of two signals is
determined mathematically by Equation (1) below.

JZ a(®b(t —t)dt 1)

The cross-correlation of two images (i.e., matrices) is calculated by taking out the sum of element-by-
element multiplication for every possible overlap of the two images; using the full-size image, this
sum would need to be calculated approximately 2 million times [35].

3.1.3 Energy of a grayscale image

Energy of a grayscale image can be mapped to ‘intensity’ or ‘brightness’[36]. It is named energy due
to some historical perspective, where, if the images are considered to be transmitted via some kind of
analog modulation [37], the bright pixels having high intensity mean the ones with high voltage and
dark pixels having low intensity mean the ones with low voltage [38]. The white parts of image in
cathode ray tube (CRT) [39] television will be significantly at higher energy than the dark part of
images. When attempting to improve a codec or algorithm by analyzing the difference between the
encoded-decoded and original signal [40], the term "energy minimization" is also used [41]. If the
difference was entirely zeros, the codec would be flawless, hence the goal is to reduce the difference
signal energy.

3.1.4  Uniformity

Uniformity is also known as Angular Second Moment (ASM) [42]. Then energy is simply the square
root of ASM. This is a relative term in image processing [43]. Equation (2) provides the mathematical
interpretation of ASM. The energy also means the level of steadiness (uniformity) [44] in pixel
intensities as explained in Equation (3).
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where, Pj refers to the probability (i.e. the normalized histogram [45]) of the color intensity at
position (i,j) and N is the gray level (e.g., 256 in typical grayscale images).

3.15 HUE

The simplest definition of hue is the wavelength in the visible light spectrum where a source produces
the highest energy [46]. The intensity vs. wavelength graph shows this as the apex of curves [47]. Hue
describes the primary wavelength of light which the human eye perceives as color, however it is only
the fundamental color on color wheel, while saturation indicates the color's strength [48].

3.1.6 The HSV Color Scale

HSV is an abbreviation for 'Hue Saturation Value' [49]. It is sometimes referred to as HIS (for
intensity)[50] and HSB (for brightness) [51]. An HSV color wheel [52] can take the shape of a
cylinder or a cone, but it always has these 3 parts. It is a scale that offers a numerical interpretation of
the picture and correlates to the colors included in it. Designers use the HSV color models when
picking colors for ink or paint because it better captures how humans connect to colors as contrasted
to system of RGB color [53]. This HSV color wheel additionally assists to create high-quality
instances. Despite HSV is not so popular than CMYK and RGB [54], it is a technique that is supported
by many high-end photo editing software packages. Choosing an HSV color starts with selecting one
of the accessible colors, followed by adjusting the shade and brightness values. Hue is expressed in
degrees ranging from 0 — 360 [55].

3.1.7 Saturation

Saturation defines the percentage of gray within a color that ranges from 0 to 100% [56]. When this
factor is set to 0, more gray is injected, results in a fading appearance. Saturation is often depicted on a
0-1 scale, with 0 representing gray and 1 being the primary color [57].

3.1.8 Value or Brightness

Value or Brightness [58] works in the tandem with saturation to represent the color’s intensity or
brightness on a scale of 0 to 100%, with 0 being absolutely black and 100 being the brightest.

3.1.9 The average/mean

The hue value is computed by taking the circular quantities' mean. Because color is a periodic variable
[59], the conventional method of determining the average cannot be applied (modulo 360).

Given a collection of N hues H = {hs, hy, ..} in range of h; € [0,359], transform every hue to
the radians employing hi" = hi/180, and afterwards calculate the angle generated by average vector of
overall hue angles as depicted in equation (4) below.

h" = arctan [avg; sin(h), avg; cos(h])] (4)
Then h'is converted to degrees using the basic formula (180/m)*h" (mod 360).
The average vector's length can be computed using equation (5) below.

|A|| = \/avgi sin(hir)2 + avg; cos(h})? (5)
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Both A" and h are reported. ||h|| is close to zero if there is a balance of complementary hues in the
image and is close to 1 if all the hues in the photo are same.

3.1.10 Skewness

Saturation/Value mean for an HSV image is calculated by simply taking the maximum and minimum
value of saturation/value of an image [60]. The basic value of skewness can be estimated by equation
(6) below.

N Xi—x)?

Skewness = =17y _1yg3 (6)

Where the ‘o’ is the standard deviation and is determined by using equation (7) below:

Xi—)? 2
o= ?’:1% ()

The formula can be used to find the hue/saturation/value skewness [61], which are useful statistical
parameters to analyze the image in terms of its statistical characteristic features [62].

3.2 Image Segmentation

As per digital image processing and CV [63], segmentation refers to the technique of splitting a digital
picture into multiple segments, also described as objects or regions of the photo [64]. They are the
pixels sets [65]. The goal of segmentation process is to convert a picture into a more understandable
and simpler representation [66], [67]. Image segmentation has also been used to determine the borders
of items like lines, curves, and so on. Photo segmentation, in a nutshell, allocates tags to every single
pixel within an image. Certain features are shared by pixels having the same label. Following image
segmentation, a collection of contours taken from the picture or segments set encompassing the full
image is returned [68]. Based on calculated qualities and attributes, each picture is assigned a class.
These calculated attributes could include intensity, texture, color, and so on.

Image segmentation [69] produces a collection of segments which encompass the full image, or a
group of contours taken from the picture as described in edge detection. Every pixel in an area has a
comparable characteristic or calculated attribute [70], like intensity, color, or texture. Every region is
given a unique color. If employed to a heap of photos, as is common in medical imaging, the contours
generated after image segmentation could be utilized to produce 3-dimensional reconstructions using
interpolation methods such as marching cubes. Image segmentation could be further divided into three
different categories that are instance segmentation[71]-[74], semantic segmentation, and panoptic
image segmentation.

3.2.1 Instance Segmentation

This type of image segmentation detects instances of objects and demarcates their boundaries [75].
Among its many real-world applications are self-driving cars, medical imaging, aerial crop
monitoring, and more [76]. When multiple objects of a similar type need to be monitored separately,
instance segmentation is particularly useful [77].

3.2.2  Semantic Segmentation

Semantic image segmentation entails classifying every pixel of a picture with a class that corresponds
to what it depicts [78]. This task is commonly known as dense prediction because we are predicting for
every pixel within the photo. It is very important that we are not separating instances of the same class,
only the category matters for each pixel [79]. The segmentation map does not distinguish between two
objects of the same category if they are in the same input image. It differs from instance segmentation
models such that they distinguish between separate objects belonging to the same class [80].
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3.2.3  Panoptic segmentation

In panoptic segmentation, the prediction from both instance and semantic segmentation is combined
into a unified output [81]. Studying things and stuff is part of panoptic segmentation.

Many products requiring vast amounts of information can benefit from panoptic segmentation. A self-
driving vehicle, for instance, must be able to capture and understand its surroundings quickly and
accurately [82]. A panoptic segmentation algorithm can be used to segment a live stream of images
[83].

Neural Networks such as deep neural networks or convolution neural networks are used for image
segmentation [84]. Convolution neural networks generally take the raw images as input and convolve
its weight kernel over the image to learn features and finally a flattened layer concatenates all features
and then each pixel is assigned a label [85]. However, a deep neural network computes the features
before passing it through the number of densely connected layers to compute the class of each pixel. In
this work, we have used an artificial neural network (ANN) that is a sub-class of deep neural networks
(DNN) [86], [87].

4 Proposed scheme

In this chapter we will be discussing the proposed scheme for semantic segmentation of natural
images. The proposed scheme classifies pixels of a given image into three different classes that are
sky, land, and water. A natural scene usually contains all of these different classes, and it is really
important to segment them properly for a better understanding of the natural scenes. The overall work
can be seen in the following block diagram in Figure 1.

\ 4
\ 4

Input Image Preprocessing Feature Extraction

A

Image Reconstruction ANN

Figure 1. Proposed Technique’s Block Diagram

The image is first passed through a preprocessing stage. This stage not only splits the picture into a
non-overlapping window size of 5 X 5 but also the label for each window is saved. In this work, we
have divided each image into three different classes that are each pixel or more precisely each window
of pixels is assigned one of the labels. We have used label 1 for the water label 2 is used for land, and
for sky label 3 is used. Once each image chunk is preprocessed these image windows are passed
through a feature extraction stage. The feature extraction stage calculates different features that include
the textural and statistical features. The overall feature that are extracted in this stage include Contrast
(from grayscale image), Correlation (from grayscale image), Energy (from grayscale image),
Homogeneity (from grayscale image), Hue variation (from HSV image), Saturation variation (from
HSV image), Value (intensity) variation (from HSV image), Hue standard deviation (from HSV
image), Saturation standard deviation (from HSV image), Value (intensity) standard deviation (from
HSV image), Hue Mean (from HSV image), Saturation Mean (from HSV image), Value (intensity)
Mean (from HSV image), Hue skewness (from HSV image), Saturation, skewness (from HSV image)
and Value (intensity) skewness (from HSV image).
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Extracted features and the assigned label collectively generate the data, ground truth labels pair. This
data is divided into testing and training data. In the training phase, the training data (i.e. the extracted
features from the 5X5 window) is given to a feed-forward Artificial Neural Network then trains the
model for these 5X5 window data. The error is calculated between random prediction and ground truth
labels. The model weights are tuned using this calculated error. Once the learning of the artificial
neural network is completed. The model is used to predict the unseen testing data.

The Neural architecture used in this work takes a batch size of 16 whereas, the cross-entropy 1oss is
utilized for model. A scaled conjugate gradient algorithm is used to train the model on cross-entropy
loss. Below is the block diagram of the neural network model shown in Figure 2.

Hidden Qutput
Input Qutput
16 3
15 3

Figure 2. Proposed ANN model’s Block diagram.

The overall processing is summarized as follows:

Step 1: Image preprocessing (i.e., dividing the image into 5X5 windows and assigning labels to each
window and data balancing).

Step 2: Calculate textural and statistical features from each window.
Step 3: Training an artificial neural network for classifying image windows features.

Step 4: After the training model, the trained model is used to make predictions on each window and
finally the windows are joined together to reconstruct a segmented image.

The Graphical Use interface is designed in MATLAB that make this application user friendly. In this
interface we can load data, extract the features that are saved as a mat file. We can also perform the
data balancing so that each class contains approximately same number of samples for training the
model to avoid any biasness. We may also train the model given the features extracted or we may also
test on a given test data. The GUI is shown in fig. 3.

Figure 3. Graphical User Interface.
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4.1 Dataset

The data used in this work is gathered from various internet sources. A few Sample training images for
each class are shown in the following Figure 3. Where images in the first column of Figure 3 depict
the training pictures for the water class, second column images depicts the training pictures for land
class and third column images in Figure 3 represents the training images for sky class. Where all of
these images are divided into 5x5 block images and features are extracted from each block to compile
a set of features and class labels. Although the training images contain only one class however, the test
image contains all three classes in an image. The sample test images, and their respective ground truth
are shown in the Figure 4.

Figure 4. Test images and their respective ground truths.

10
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4.2  Comparison parameters

In this section we will be discussing the comparison parameters that we have used to evaluate the
proposed scheme. These parameters include AUC-ROC curve, Cross Entropy loss and Confusion
matrix.

4.2.1 AUC-ROC Curve

While working with the classification problems in machine learning, the AUC-ROC curve [88] is
widely used as a performance parameter where, AUC is a separability measure. It describes the ability
of a model to differentiate between classes. If the value of AUC increases the accuracy increases so
the probability that the class O will be classified as 0 and 1 as 1 increase. The ROC curve is plotted
such that False Positive Rate (FPR) [89] is the domain with True Positive Rate (TPR) [90] is the range.

The True positive rate or TPR is the percentage of properly categorized positive instances, such
as feature vectors of malicious apps [91], while the False positive rate or FPR is the percentage of
wrongly diagnosed negative cases such as feature vectors of benign apps. Mathematically TPR and
FPR can be calculated as equation (8) and equation (9), respectively.

TP

TPR = (8)
TP+FN

FPR = 9)
FP+TN

Where TP shows the true positive, FN represents the false negative, FP depicts the false positive and
TN denotes the true negative. The Graphical representation is shown below in Figure 5.

TPR

FPR
Figure 5. AUC-ROC Curve

4.2.2 Cross Entropy Loss

Cross-entropy loss also called log loss [92], logarithmic loss or logistic loss. Based on how far a
predicted class probability differs from the actual expected value [93], a score/loss is calculated to
penalize it. For differences close to 1, the penalty is large, and for small differences, the penalty is
small [94]. During training, model weights are adjusted according to cross-entropy loss. Ideally, the
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loss should be minimized, as the loss is less, the model will be better. A perfect model has zero cross-
entropy loss [95]. Mathematically it can be depicted as equation (10) below.

L = =X, tilog(p;) for n number of classes (10)

Where, t; denotes the truth label and p; shows the ith class’ SoftMax probability.

4.2.3 Confusion matrix

Confusion matrices are used to define a classification algorithm's performance [96]. An algorithm's
confusion matrix visualizes and summarizes its performance [97]. For instance, the following table in
Figure 18 depicts an example confusion matrix for the classification of normal vs. cancer images in
which benign tissue is referred to as healthy and marked as class 1 while malignant tissue is referred to
as cancerous and marked as class 2.

4.2.4  Simulation Results

After the collection of features dataset which includes different features attributes and class labels
form 5x5 blocks of all training images, the features data is balanced out by keeping equal number of
5x5 samples for each class. Further, the data is divided into training, validation and testing. The model
is the trained for total 663 epochs or iterations where in each iteration the loss is reduced. In other
words, the accuracy is increasing while training the model. The overall loss for the trained model is
shown in the following graph in Figure 6.

Best Validation Performance is 0.025366 at epoch 663
WUD L

= Train
Validation
Test
Best

Cross-Entropy (crossentropy)

0 100 200 300 400 500 600
669 Epochs

Figure 6. Cross-Entropy Loss Vs the number of Epochs.

Figure 20 shows the confusion matrix of trained work. Where Top Left confusion matrix shows the
confusion matrix for training data whereas, the validation confusion matrix is presented in Top Right.
Bottom Left confusion matrix in Figure 7 describes the testing confusion matrix and the overall
confusion matrix is presented in Bottom Right of Figure 6. It can clearly be seen that in all cases, and
Accuracy of more than 97.5 % is achieved.
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Figure 7. The confusion matrix

Figure 8 depicts the graph between false negative rate and the true positive rate for test, train,
validation and collectively for all data. This graph is known as receiver operating characteristic curve
(ROC). All the curves are inclined more towards top-left corner of the graph which shows that the
performance for each class is good.
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Figure 8. The Roc curve for Training, validation, Test and Overall data
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After training and validation of model, the trained ANN model is saved and is used for testing of
unknown test images shown in Figure 16. The test image is also going to be divided into 5x5 blocks
and the feature values are to be extracted from each block and then each block will be tested through
the trained model which will predict a class label for each block. After testing all the blocks and
collecting the predicted labels, we have assigned the color values to all blocks pixels and created a
predicted image which can be visually compared with the already manually prepared ground truth
images to assess the visual similarity between the predicted and actual ground truth images. The
testing of unknown images also provides a confusion matrix and ROC curve for the numerical
performance evaluation. Figure 9-11 shows the testing done on three unknown images where the first
image in each figure shows the actual test image, second image is the actual ground truth image for
that test image, third image is the predicted image after testing which can be compared with ground
truth image visually to see the performance of trained model in case of an unknown image testing. All
three images show good, predicted images which shows that the trained model is performing well. The
same results are confirmed from fourth and fifth images in each Figure in terms of numerical results
from confusion matrices and ROC plots where the Accuracy for the unknown tested images are
91.0%, 94.2% and 96.8% which shows that the trained model is performing well on unknown images.

Confusion Matrix
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5.5% 3.8% 0.1% 41.1%

3571 124274 1080
1.5% 51.8% 0.4%

Output Class

5 1066 6591 80968 91.4%
2 0.4% 2.7% 33.7% 8.6%

4.0% 88.8% 8.5% 91.0%
26.0% 11.2% 1.5% 9.0% 0.1

& & q$ 0 0.1 02 03 04 05 06 07 08 09

o F Fsise Positive Rete

Target Class

Figure 9. Test Image 1 Results.
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5 Conclusions

In this project, we developed a machine learning model for semantic segmentation of natural scene
images, specifically targeting the segmentation of sky, land, and water. The model used 5x5 windows
to extract features from the input images, which were then passed through a neural network for
training. Our trained model achieved an accuracy of 97.5% and required fewer floating-point
operations compared to convolutional networks. To train the model, we used a dataset of images with
only one class present, which simplifies the labelling process. However, to further improve the
complexity and performance of the model, we suggest adding additional classes such as birds,
mountains, and grass. Additionally, modifying the neural network architecture may also be beneficial
in maintaining accuracy with the increased number of classes. Exploring other feature extraction
methods or feature selection techniques could also potentially improve the model's performance. It is
also important to test the model on a diverse range of natural scene images to ensure its robustness and
generalizability. A graphical user interface was also developed to facilitate inputting images,
extracting features, training the model, and evaluating performance on unseen data.
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