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ABSTRACT

IMAGE SEGMENTATION TECHNIQUES VIA ROBUST
HYPOTHESIS TESTING

Shahin MAMMADOV
M.Sc., Department of Electrical and Electronics Engineering
Supervisor: Asst. Prof. Dr. Hiiseyin AFSER
January 2023, 38 Pages

In this thesis, the multiple segmentation of color images is examined using the method
based on robust hypothesis testing. The robust hypothesis test has been adapted to image seg-
mentation by several different methods. In the first approach, to ease this NP-hard problem, we
provide the user to choose certain areas over the image whose pixels are regarded as candidates
from different labels. The suggested algorithm is started through this selection process, and the
empirical histograms of the pixel densities are then employed as nominal densities in a reli-
able hypothesis test. By modifying the test framework to include soft metrics obtained over the
multi-dimensional color image, we specifically apply the DGL test. In other ways, we included
superpixels in our test. But just adding superpixels, the baseline method, does not take advan-
tage of the spatial information of user input, and only works in the color domain. In addition
to superpixels, we have applied the DGL test based on spatial-temporal distribution, where the
spatial information of bounding boxes is included in the test for improved performance without
increasing the complexity. We also provided simulations on Berkeley’s BSDS500 image dataset
and showed that the last method applied could result in a 10% improvement in segmentation
accuracy to the first method. The methods we develop can multiple segmentation color images

with low complexity. This performance advantage has also been verified by simulations.

Keywords: User-Assisted Segmentation, Color Image Segmentation, Multiple Segmen-

tation, Robust Hypothesis Testing, DGL Test



OZET

KARARLI HIPOTEZ TESTI iLE GORUNTU BOLUTLEME
TEKNIKLERI

Shahin MAMMADOV
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Anabilim Dali
Danigsman: Dr. Ogr. Uyesi Hiiseyin AFSER
Ocak 2023, 38 Sayfa

Bu tezde, kararl hipotez testine dayal yontem kullanilarak renkli goriintiilerin ¢oklu kes-
imlenmesi incelenmistir. Kararli hipotez testi, birka¢ farkli yontemle goriintii boliitlendirmeye
uyarlanmustir. Ik yaklasimda, NP-zorluga sahip bu problemin ¢oziimii icin kullanic1 yardimiyla
farkls etiketlerden gelen piksellerin kabaca secildigini farz ettik. Onerilen algoritma bu secimle
baslatilir ve piksel yogunluklarinin ampirik histogramlari daha sonra kararli bir hipotez testinde
nominal yogunluklar olarak kullanilir. Test cercevesini ¢cok boyutlu renkli goriintii iizerinden
elde edilen hassas Olctimleri icerecek sekilde degistirerek, DGL testini uyguluyoruz. Son-
raki yontemlerimize siiperpikselleri dahil ettik. Ancak temel yontem olan siiperpikselleri ek-
lemek, kullanici girisinin uzamsal bilgisinden yararlanmaz ve yalnizca renk alaninda calisir.
Siiperpiksellere ek olarak, karmagsiklig1 artirmadan gelistirilmis performans i¢in smirlayict ku-
tularin uzamsal bilgilerinin teste dahil edildigi uzamsal-zamansal dagilima dayali DGL testini
uyguladik. Ayrica Berkeley’in BSDS500 goriintii veri seti iizerinde simiilasyonlar sagladik ve
uygulanan son yontem, ilk yonteme gore segmentasyon dogrulugunda %10’luk bir 1yilesmeyle
sonug¢landi. Gelistirdigimiz yontemler, diisiik karmagiklia sahip renkli goriintiileri ¢coklu seg-

mentasyon haline getirebilir. Bu performans avantaji simiilasyonlarla da dogrulanmistir.

Anahtar Kelimeler: Kullanic1 Destekli Segmentasyon, Renkli Goriintii Kesimleme, Coklu

Kesimleme, Kararli Hipotez Testi, DGL Testi
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1. INTRODUCTION

To develop and process the information from the given image without altering the other
properties of that image is one of the most difficult phases of image processing [1,2]. One
of the key areas of image processing is image segmentation, which involves segmenting an
image into several portions. Each component informs the user about things like color, intensity,
or texture. As a result, it’s crucial to use segments to isolate any image’s bounds [3]. Three
aspects of the image "color, intensity, and texture" are used to distinguish between various areas

of the image [4].

Image segmentation is crucial in practically every area of science, including biometry, satel-
lite imaging, machine vision, computer vision, and medical imaging, so its significance cannot
be overstated [5, 6]. It is believed that there is no ideal, flawless approach for image segmenta-
tion because each image has a different kind [7]. Consequently, there are numerous segmenta-

tion methods.

In this thesis, we performed image segmentation using Bayes’ multiple hypothesis test.
The best-known robust analysis for multiple hypothesis testing is the DGL method. The DGL
method analyzes multiple hypothesis testing problems defined for continuous and discrete cases.
The DGL method is explained in Section 3.1. Our method has been improved each time to get

more accurate results. Three different methods are presented in this thesis.

Firstly, our way of segmenting the image by sliding windows was done. In this method, the
DGL test is applied by dividing the image into squares. The horizontal (%;) and vertical (v;)
lengths are determined and the squares on the image move according to these lengths. At the
same time, the sliding windows method was made in two separate parts soft sliding and hard
sliding. The windows set in the hard method move only by sliding from side to side, while in
the soft method, they overlap and slide side to side at the same time. This method is explained

in detail in Section 3.2.



In the other method, we met superpixels and realized that if we add these superpixels to
our method, we will get even better results and our resulting image will not appear square by
square. And this method is combined with superpixels. After combining the method with the
superpixels, even better results were obtained by including the center pixel of the superpix-
els. Superpixels are presented in Section 3.3 and the methods of adding them are presented in

Section 3.4.

In this thesis, we added bounding boxes to our last method. Considering the joint probabili-
ties of these boxes, we also included the spatial values. Now, the DGL test, which we applied in
our thesis, calculates the spatial values as well as the color. Depending on both the color and the
spatial, our images are better segmented and give better accuracies. This method is explained

in Section 3.5.

When we want to distinguish an object of a certain color in an image segmentation applica-
tion, it is more convenient to use the HSV color space. Because, unlike RGB, we can distinguish
colors more clearly by applying a threshold value using only the tone value. Therefore, in this

thesis, HSV color space is used, not RGB.

The above image segmentation methods, superpixels, and DGL method is theoretically ex-
plained in Chapter 3, and then results and simulations of image segmentations are introduced in

Chapter 4. Finally, the results of this thesis are concluded in Chapter 5.



2. LITERATURE REVIEW

Using similar or distinctive features, segmentation divides an image into areas or objects [8].

Some examples of image segmentation methods include:

Threshold-Based Image Segmentation: Regions are divided based on histogram intensity.
Threshold segmentation can be done using a variety of methodologies and approaches, includ-

ing the Mean, Pile, and Otsu techniques [9].

Region-based segmentation is noise resilient, which is one of its best qualities. Based on
predetermined criteria, such as color, intensity, or object, it divides an image into various zones.
The three basic kinds of region-based segmentation techniques are region growing, region split-

ting, and region merging. [10].

Region Growing: Begins with a pixel and iteratively adds pixels to the region based on
similarity until all of the pixels in the region are present [11-13]. When the image is noisy
or contains intensity changes, it over segments and is unable to distinguish the shadow of the

actual image [14].

Split-Merge: Initially captured as a single location, the complete image is periodically sep-
arated until no further splits are feasible. A division structure is a quadtree. The process is
then repeated if the two regions are close to one another and similar until no further merger is
possible [11-13]. The image’s position and orientation cause a block final segmentation, while

the regular partition causes over-segmentation [11].

Edge-Based Image Segmentation: The first step in image segmentation is edge detection.
divides the foreground and background of an image. The splitting procedure is carried out
using the edge detection approach based on the image’s intensity or pixel change. uses two
basic techniques. These are the gradient and gray histogram [15, 16]. Techniques based on
gradients: Sobel, Prewitt, and Robert operators [17]. Techniques based on Gaussians: Canny

edge detection and Laplacian of Gauss [17].



K-Means Clustering: On clustering, this segmentation technique is built. Additionally, it
is a statistical technique for segmenting images. By adding p points to the cluster where the
difference between the point and the mean is the smallest, divide an image into K clusters
[11, 18]. Presumes clearly defined borders between clusters [12]. K-Mean Clustering is not

effective in continuous regions [14].

Normalized Cuts: Reduces the number of areas in order to focus on the best regions. In
a graph, each pixel serves as a vertex. Adjacent pixels are linked by edges. Edge weights
between two matching pixels are determined by their resemblance, proximity, color, gray level,
or textures. [11,12,19]. Its calculation is highly intricate. [11]. Lazy snapping and Graph-Cuts

are methods of normalized cuts.

Lazy Snapping: The process of cutting off an object from an image is known as image
cutout. At the single-pixel level, the foreground and background can be specified. The goal of
Image Cutout is to distinguish between the foreground and background of an image. Normal
cutting requires the user to specify pixel precision and each foreground area independently.
However, choosing a region in Lazy Snapping will suffice. But Lazy Snapping is divided into
two parts: Boundary editing and object marking [20]. In other words, the background and
foreground are blended one after the other even after the items have been chosen, and it should

be emphasized that the user has a lot of work to do in this situation as well.

Graph-Cuts: Background and foreground are linked to each pixel. These grounds should
be divided for segmentation. Another image cutout method is Graph-Cuts. When the texture
or color of both the foreground and background are fairly complex, threshold and simple al-
gorithms will not work. When removed, a cut creates a line dividing the foreground from the
backdrop. With this method, pixels are connected to one another and to terminals. Back fore-
ground and background terminals are present. Find the minimum cut by giving each edge of

both connections a weight [21,22]. It is not ideal to scribble more.



ANN-Based Image Segmentation: Each neuron in an artificial neural network corresponds
to a pixel in an image. The neural network is mapped to the image. Using training samples, a
neural network is taught to create an image, and the neurons are then connected. The trained

image is used to classify new photos [23].

CNN-Based Image Segmentation: Because of its great accuracy, convolutional neural net-
works are utilized for picture categorization and recognition. It is the process of assigning
a distinct category to each pixel in the image. When it comes to the deep learning domain:

semantic division [24].
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3. MATERIALS AND METHODS

The hypothesis testing problem is one of the fundamental problems in decision theory. There
are many applications connected to this problem like engineering, digital communications, im-
age processing, and control. Hypothesis tests are designed based on a statistical model with the

aim of minimizing error probability [77].

The necessity for robust hypothesis testing is caused by a statistical model that can derive
significant losses on performance. In many applications where the consequences of an incorrect
decision can be terrible, like earthquake detection, robust tests are needful. But robust tests
have a weak point in which tests need to some performance sacrifices against the optimum test

designed for a nominal model.

In the classical robust test, the minimax method is used. This method minimizes the error

probability for the worst-case parameters, which is maximized the error probability [78].

3.1. Robust Bayesian Multiple Hypothesis Testing

In this section, the DGL method is explained for the defined problem in Section 3.1.1.
Afterward, the different image segmentation methods were described in Sections 3.2, 3.3.1,
3.4.1,3.4.2, 3.5 about sliding windows, superpixels, adding superpixels to the test, centroid of

labeled pixels and superpixels, spatially varying segmentation respectively.

3.1.1. Method of DGL

In order to solve the difficulty of hypothesis testing, this method submits an exponential
upper bound to a nonasymptotic uniform distribution [79]. The following are the basic expla-

nations of the DGL approach.



Apj={x:0i(x) >x: Qj(x)}, 1 <i<j<k} (3.1)

</ denotes the collection of k(k — 1) /2 sets of the form Equation 3.1 and A is a Borel set.
DGL developed the empirical measure to define the DGL test
1 n
Hn(A) =~} Wxews (3:2)
i=1
where W stands for the indicator function. This function compares distribution vector experi-
mental observations made for each hypothesis using the set of A. In the next phase, the below

decision rule is applied to this compared results. Then decision rule chooses a hypothesis as the

final result.

max|/AQj—,un(A)| = min max]/AQ,-—,un(A)| (3.3)

Aed i=1,.. kAc

For the DGL test, an exponential upper bound is [79],

Pe) < 2k(k—1)%e /2, (3.4)

10



3.2. Sliding Window DGL Based Segmentation

As many regions as the user wishes to segment the image into are chosen from the image in
order to segment it into many sections. When sectioning, we use the technique of adding frames
to the image and making sure that they appear immediately after the first window by window.
The frame’s dimensions are specified by the user. This segmentation is the Hard DGL approach.
Additionally, we have made sure that the selected frame advances in steps rather than windows
at a time. These images were created using this technique. The soft DGL approach is this.
The user has the freedom to choose the steps and the frame. Our approach is therefore weakly

supervised. The user’s choices also have an impact on how accurately the image is scaled.

WWn [ WWz [ \\t\u W2

W-We 1] | (W

a. Hard DGL b. Soft DGL
Figure 3.1: a.The Hard DGL approach is window-by-window. b.The Soft DGL technique

moves from window to window while also moving step by step. Windows are the dark lines.

Steps are the red lines. Both of them have user-defined sizes.

Think that we have M « N image we want to segment it. / = n. It means image / is equal to

n pixels. First, the user defines the window length horizontally (%;) and vertically (v;).

n:hl*vl. (35)

11



The chosen region is subjected to the DGL test after the window sizes have been established,
and a label is assigned based on the outcome. During the decision-making phase, DGL evaluates
the distances between each hypothesis and selects the value with the smallest distance. It is
Hard DGL. While the computed distances overlap, or add up, in the soft DGL test technique,
several tests are applied by sliding windows at the same time, and our test selects the minimum
sum of the overall distance values. With the soft DGL test, we hope to provide a little bit better
performance and smoother operation than hard DGL. Briefly, we divided it into sliding windows

through n pixels.

3.3. Superpixels

3.3.1. SLIC superpixels

Unlike other approaches, the SLIC superpixel is a better way to produce superpixels that
increase the performance of faster, more efficient memory, cutting-edge boundary matching,
and segmentation algorithms. Simple linear iterative clustering is a method of generating

superpixels that differs significantly from k-means in two important ways:

1. The amount of distance calculations required for the optimization is significantly de-
creased by restricting the search area to a region proportional to the superpixel size. This com-

plexity is reduced by the number of the linear pixels N and the superpixels number & [80].

2. Color and spatial closeness are combined with a weighted distance measure, which also

allows for control over the size and compactness of the superpixels [80].

3.3.2. Method of SLIC

SLIC is easy to use and comprehend. The algorithm’s sole parameter by default is k or
the required number of about equal-sized superpixels. The clustering process starts with an
initialization stage where k initial cluster centers C; = | [; a; bix; v ' are sampled on a
regular grid spaced S pixels apart for color images in the CIELAB color space. The grid interval

is set to S = /N /k to create superpixels that are rough of identical size. The centers are shifted
12



to the seed positions that correspond to a 3 x 3 neighborhood’s lowest gradient position. This
prevents a superpixel from being centered on an edge and lessens the possibility of seeding a

superpixel with a noisy pixel [80].

Following that, each pixel i is assigned to the closest cluster center that overlaps the search
region located in the assignment stage. This is essential for accelerating the algorithm because
reducing the search region’s size results in a large speedup. Compared to classical k-means
clustering, where each pixel must be compared to all cluster centers, the quantity and outcomes
of distance calculations offer a substantial time benefit. Only the addition of the distance mea-
sure D, which identifies the closest cluster center for each pixel, makes this conceivable. The
search for similar pixels is conducted in the 2§ x 2§ region surrounding the superpixel center

because the expected spatial size of a superpixel is a region of about S x § size [80].

After assigning each pixel to the closest cluster center, an update step changes the cluster
centers such that they represent the average [ I b x vy ]T a vector containing every pixel in
the cluster. The residual E error between the new cluster center sites and the old cluster center
locations is calculated using the L, norm. Up until the error converges, the assignment and
update processes can be iteratively repeated. The connection is then forced in a post-processing

phase by reassigning specific pixels to neighboring superpixels [80].

Clusters in the /abxy color image plane space correspond to SLIC superpixels. This creates
a challenge in defining the distance measure D that might not be evident right away. D figures
out how far a pixel i is from the cluster center C;. The CIELAB color space [lab]”, whose
possible range of values is known, is used to represent the color of a pixel. The possible values

T
for a pixel whose position is [ Xy } depend on the size of the image [80].

Different superpixel sizes will exhibit inconsistent clustering behavior if D is defined as 5D
euclidean distances in /abxy space. Large superpixels favor spatial proximity over color affinity
and favor spatial distance over color. Compact superpixels are created as a result, although they

do not cling to image borders well. Superpixels with a lesser size work the opposite way [80].

13



It is important to normalize the color affinity and spatial proximity to the corresponding
maximum distances Ny and N, within a cluster in order to integrate the two distances into a

single measure. By doing this, D' is equal to,

de = \/(lj—li)2+(aj—ai)2+(b;—bi)z, (3.6)

dy =/ (x—x0)* + (v~ i), 3.7)

2 2
D = \/(]%) + (%) (3.8)

Within a given cluster, the expected maximum spatial distance should correspond to the
sampling interval Ng =S = \/ZN / K). The greatest color distance N, can vary greatly from
cluster to cluster and from image to image, making it difficult to determine. Fixing N, to a fixed

value of m will avoid this problem, so

2 2
D = \/(é) + (é) (3.9
m S

simplified:

14



d 2
D= dg+(§s) m? (3.10)

By defining D in this way, m also enables us to compare the relative weights of color sim-
ilarity and spatial closeness. When m is bigger, superpixels will be more compact. When m is
smaller, superpixels will tightly stick to image boundaries but are less symmetrical in size and

form [80].
3.4. Segmentations Made With The Superpixels Method

Before moving on to the proposed method, I would like to summarize the other methods of
DGL testing with superpixels. I'll also explain how I used these other methods to my advantage

and how I improved my method.
3.4.1. Adding superpixels to the DGL test

Let 71, %,..., 7y be M sets of image pixels with user labels. The ground truth masks
and bounding boxes, which we discuss in more detail in the following section, can be used to
obtain these pixels. Let Q; : 2" — [0,1], 2 = 2] x 23 x ... x Zy,i=1,2,...,M, represent

the potential .7; quantized intensity histograms. As a formula,

0i@)ger =
qu€g{_|%|

Y Tixo—g (3.11)
XeJ;

where T is an indicator function and I(X) stands for the rounded intensity of pixel X; the

pixel’s intensity is rounded toward the histogram bin descriptor’s nearest edge.



By partitioning Q — {.#1, %, ..., %k}, K <N first, and then applying the DGL test to each
superpixel, we perform picture labeling at the superpixel level. Superpixels’ border adherences
are their central tenet, however in practice, this may not always be the case, and applying
picture labels at the superpixel level may lead to some residual mistakes. However, because
they combine adjacent pixels into perceptually identical cells that are simple to distinguish

using the DGL test, their adoption simplifies the technique.

One must compute M (M — 1)/2 Borel set A; j,A; j € </, in order to use the DGL test.

Aij={q:0i(q) 2 0j(q)}, 1<i<j<M, (3.12)

for all g € 2. Then, if we let {X],X5,...,X,} be the set of pixels in .%%, the DGL test
decides L (%) =i if

max
Acd

/AQi(A) _,un(A)‘ = min max

j=1,... MAco/

AQj(A) —un(A)‘ (3.13)

where 2" can be used to numerically calculate p,(A) = %Z?: 1 Ix.ca and the integrals in

3.14 [81].
3.4.2. DGL test with the centroid of labeled pixels and superpixels

Noticed that the baseline method’s decision rule in 3.14 intends to select the hypothesis with
the least amount of mismatch between the empirical and nominal histograms. Therefore, this
method employs the relative distances between the intensity histograms of the input regions
rather than the geographical properties of the user’s input regions. However, these regions’

spatial data may also be very important for the segmentation process. For example, if a user
16



provides a region’s bounding box, the region of interest will be contained within that bounding

box, so one shouldn’t hunt for it elsewhere in the image.

The DGL can incorporate the spatial information of the user input regions by creating spa-
tially variable intensity distributions [32]. In this method, the alphabet of the intensity distribu-
tions, 2, is added to the spatial dimension, or the pixel grid €, while also taking into account
a combination alphabet, C = .2~ x Q. When using this alphabet, the probability of a pixel’s in-
tensity, I(X), is taken into account along with its spatial location, X, as Pr(1(X),X). As a result,
both in the histogram and the spatial domain, the resulting spatially variable distributions allow
discrimination. The results of the Borel sets computations A € in 3.13 and the implementation
of the test in 3.14 must be carried out over C rather than X This needs to be modified approach

to the DGL.

The proposed approach for this method is implemented as follows. Lj,L;,....Lys labeled

pixels collected from the periphery of user input zones are used.

1
|Ll| xeL;
Let L; be centroid of the pixels:
1
LS =17 2 X (3.15)
|Sk| XESk

And S; is the centroid of the superpixel. The baseline technique seeks to minimize the

measure maxae o | f4 0i(A) — (A)| in the color domain when choosing a label for S.
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This measure shows the difference between the support’s empirical and nominal distribu-
tions A € /. According to an analogy, the term ‘C iU (Sk)‘ refers to the mismatch between

the nominal position of the area Qj and the centroid of the superpixel.

= arg min max
=1,...MAcs/

[0~ )| 30516 50) (3.16)

where the weight terms, w; > 0, can be arranged to alter the degree to which a mismatch
predominates in either the color or spatial domains. The suggested test becomes equal to the
baseline test as w; — 0, and the proposed spatial mismatch term’s effect disappears. While the
test becomes simply spatial as w; — oo, the impact of the color mismatch is no longer present.
As aresult, we balance the two mismatches by carefully choosing the w; terms. The suggested

algorithm was applied by adjusting w; = 1 [82].
3.5. Spatially Varying Color Distribution Based DGL Test Segmentation

The method described above reduces, but not completely, errors outside the bounding boxes.
Starting from this method, I developed the method further and passed the errors outside the
bounding boxes, and the accuracy of image segmentation increased. In this section, I explained

in detail how I developed it.

Aij={x:0i(x) > 0;(x)}, 1<i<j<M, (3.17)

We write Q;(x,z) for Q;(x) and Q;(x,z) for Q;(x). i and j represent the distributions here
and x are the two-dimensional H,S values. z is a random variable that gives us information
about the centroid of superpixels in BB; or not in. That is, it indicates spatial information. And

probability formula for Qi(x, z) is equal to (it means probability both occur together):
18



0i(x,2) = Qi(x|z) * 0i(2) (3.18)

This time we are faced with two situations.

e z=1: If superpixels centorid in BB;

» z=0: If superpixels centorid not in BB;

In the proposed method, we did not adapt the relative sizes of the Bounding Boxes to the
method. That is, we did not take into account the prior probability of Q; (z). We only operate

for Q;(x|z), so there are two cases.

R Qi(x), ifz=1
Oi(x|z) = (3.19)
0, otherwise
Aij={x:0i(x2) > Qj(x,2)} = {x: Qilx[z)  Qi(2) = Qj(x[z) x 0;(2) } (3.20)

If we start from here, it turns out that we have four situations. But when z ¢ BB;, it will be

an empty set because it going to be zero. Therefore, only two cases were considered.

For the first case: z ¢ BB; and z € BB;

A

A ={x:0>0;(x)x0;(z)}, 1<i<j<M, (3.21)
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For the second case: z ¢ BB, and z ¢ BB;
Ay={x:0>0}, 1<i<j<M, (3.22)
Since the left of the equality is zero in the above two cases, it cannot enter inside the bound-
ing boxes anyway and goes to other cases.

For the third case: z € BB; and z € BB;

A

Ar={x:0i(x) x0i(z) > 0j(x) * 0j(2) }, 1<i<j<M, (3.23)

For the fourth case: z € BB; and z ¢ BB;

Ay ={x:0i(x) % Qi(z) 20}, 1<i<j<M, (3.24)

Distribution sets i and j of X were created above. After the clusters are created, we calculate

their probabilities from the M distribution.

max
4

/AQAi(A) —,un(A)’ = min max

j=1,...MAcs

/AQAJ(A) —un(A)’ (3.25)
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In other words, we take the integral over A and add the probabilities. When adding, we add
from M. Likewise, M may or may not be an element of BB;. As soon as they enter the BB;,
their status is also checked. ,, is calculated if i and j are inside BB;. If M also enters, M is not

zero, this time [, Q;(A) is chosen. [, Q;(A) is already calculated from A;. If M is not entered,
J40i(4) =0.

If i is entered and j is not entered, U, is calculated from A;. If M is entered, A5 is calculated.

If M is not entered, it is already zero.
If i and j are not entered, t, = 0 and [, Q;(A) = 0.

In the end, the maximum is chosen twice for both i and j. Finally, we print and sort, and

choose the minimum. That is, when calculating errors, we take the minimum.

21



4. RESULTS AND DISCUSSIONS

The performances of the proposed methods are tested with simulations and then these meth-
ods are compared with each other. These simulations are presented in two sections, which are

Sliding Windows and Spatially Varying techniques.

4.1. Sliding Window DGL Based Segmentation

The Berkeley Segmentation Data Set and Benchmarks provided the data sets that we used
(BSDS500). The accuracy of the segmented photos from Berkeley’s GT below was evalu-
ated using our suggested techniques. You can understand how the soft approach functions by
comparing the soft and hard methods in Fig. 3.2. The Soft DGL method produces somewhat
smoother and better results than the Hard DGL method. Examples from the Berkeley dataset
are displayed in Fig.3.3. There are some reasons why this method works as intended. So the
disadvantages of this method. The first disadvantage is the roughness of the image. This is be-
cause we’re shifting it frame by frame, so the result doesn’t look nice and smooth. The second
disadvantage is the lack of spatial information in this method. In our later methods, these two

disadvantages were eliminated and better results were obtained.

hard segmented image soft segmented image

Figure 4.1: Both the first and second results are from different DGL tests 84% for Hard DGL
accuracy and 85% for Soft DGL accuracy.
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original image

ground truth M=3 segmented image

ground truth M=6

segmented image

ground truth M=4

segmented image
g 1 5

o

original image ground truth M=5 segmented image

*a. Accuracy = 96%

b. Accuracy = 93%
= ¢c. Accuracy = 91%

d. Accuracy = 90%

Figure 4.2: Using the Soft DGL approach, certain proposed method findings were accurately

compared to the ground truth in the Berkeley dataset.

4.2. Spatially Varying Color Distribution Based DGL Test Segmentation

The effectiveness of the suggested method and the alternative methods [81] and [82] of the

DGL test were compared. The simulations are run using test images from Berkeley’s BSDS500

database [83]. 200 natural RGB photos are part of this collection, and each image has numerous

GroundTruths annotations. Each color intensity is accurately encoded with 8 bits, or [X| = 2563,

in the 321 x 481 sized pixel grid. Below is an example segmented image from Berkeley’s

first GroundTruths that compares our suggested approach to various DGL Test approaches and

measures accuracy.
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Original
-

Ground Truth
RS

With Superpixels Superpixels Centroid With Spatial
Accuracy = 83.45% Accuracy = 83.57% Accuracy = 86.52%

Figure 4.3: Original Image and its Ground Truth with and without superpixels and different

segmentation methods’ results with accuracies. The Spatial one is our proposed method.

Figure 4.4: Example image for regions automatically selected by bounding boxes. You can see

different colored bounding boxes.
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4.2.1. Simulation of Superpixels and Spatially Varying Methods

0.98 |
—— ~AEOOE0eE0
0.96 Sl _,ﬁkgﬁui -
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Number of relabeled superpixels
Figure 4.5: Results from comparison tests using Berkeley’s BSDS500 database for the pro-

posed Spatio-temporal (Spatial-DGL) DGL test and the other DGL test methodologies. The red
curves show the proposed approach, the purple curves indicate the method using a centroid of

pixels, and the blue curves represent the way of adding superpixels in all of the figures.

We have employed the intersection over union (IoU) metric, which is defined as:

U — Area of Overlap

Area of Union

where the overlap and union of the ground truths and the superpixels in question are de-
termined. By averaging it among several GroundTruths and images, IoU is calculated. We
reduced the number of regions in each image and considered 90% of the labeled pixels before

computing IoU because the bulk of the annotations are over-segmented, as in [81].
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For each method that was taken into consideration, we compared how well all techniques
performed using the other methods in [81] and [82]. The ground truth masks and bounding
boxes of the image segments are denoted using the same notation as GT; and BB;, where i =

1,2,....M.

All algorithms are implemented in the HSV color space, which only considers the H and S

parts of the image.

By choosing | 21| = | 23] = v/321 x 481 ~ 392 to achieve linear complexity in the number
of pixels for all tests, we have implemented dimensionality reduction as in [81]. The majority

of the images in the BSDS500 database have improved in accuracy as a result of this choice.
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S. CONCLUSIONS

The successful and appropriate technique for image segmentation is color and spatial-based
segmentation. For application in the user-assisted multi-label image segmentation problem, we
provided a spatially adaptable variant of the DGL test. In order to improve segmentation per-
formance, the suggested method offers a straightforward mechanism to include spatial informa-
tion from user inputs into fundamental, color space-based DGL testing. We have demonstrated
that the proposed method may be easily added to the existing ones, improving performance
without adding to its complexity. Additionally, we offered benchmark results from Berkeley’s
BSDS500 database, demonstrating that an accuracy improvement of around 8% over the first
(adding superpixels) and 5% over the second (centroid of pixels) techniques may be made. Im-
age segmentation using the DGL approach will be automatic and user-defined. The suggested

approach is multi-label and semi-supervised.
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6. RECOMMENDATIONS

For future studies, have the plan to get better results by including the relative probabilities
of bounding boxes. When describing the spatio-temporal method above, I stated that I did not
include the marginal probability of bounding boxes. By adding the prior probability of Q,-(z) to
the calculation, can get better and more punctual results by going beyond the last method we

have done.
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