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Abstract: In earlier years, in smart cities, object detection
system has been improved by several folds due to many
novel deep learning models. Deep learning has
outperformed the existing traditional computer vision
techniques. Recently, many automated segmentation
models have used the concept of feature extraction; the
model proposes various feature extraction on the images.
The models generally use a texture classification model
and color detection models to predict the label of
neighboring pixels, and the classification is used to validate
the features. The parameter tuning of these models is
generally based on the signal processing schemes. Many
researchers have used optimized parameter sets obtained
for a specific dataset, due to which the accuracy increases
drastically. Still, the model is not scalable on any other
data set. We propose a new hybrid technique using wavelet
and watershed transform for small object detection for
text extraction. Our hybrid model is scalable over a variety
of images, the model is used on different photos, and the
result shows improvement in accuracy in the presence of
varying noise.

Keyword: Object detection, Masking DWT, watershed,
small object, Morphological.

1. Introduction:

An object identification system finds real-world pairings using
photographs of the world and and a priori-defined object
model [1, 2]. The demand for object recognition systems is
provisos to the ever-growing volume of digital photographs in
all public and private databases accessed in smart cities via
CCTV. Humans can make object identification extremely
simple and readily, while robots find it quite challenging.
Object recognition technologies are critical for robots to
achieve increased levels of autonomy [3]. It is a popular field
of robotics study that uses computer vision (CV) with machine
learning (ML). Drones are increasingly getting employed as
robotic devices. This study aims to determine how to present
object identification algorithms and methods may be applied
to drone image information. Compared to certain other robots
[4, such as a wheeled robot], another of the benefits of
utilizing a drone to identify items in a picture is that the drone
can travel closer to objects.

Nevertheless, using a top - down perspective angles [5] and
the difficulty of combining using a deep learning system for
compute-intensive processes [6] pose challenges regarding
UAVs. Whenever a drone navigates an area in the discovery
of items, it is advantageous for the drone to have as much
visibility as feasible [7, 8]. On the other hand, images captured
by UAVs or drones varied significantly from those charged by
a conventional camera. As a result, object identification
techniques employed on "normal” photos cannot be presumed
to work effectively on photographs captured by drones.
Previous research has found that images obtained by a drone
are frequently different from those accessible for training that
is commonly shot with a hand-held camera. The study helps to
identify drone information could be tough owing to camera’s
placement [9, 10] compared to images captured by a human,
based on sort of pictures the network is trained on.

Object recognition is an automated image identification
procedure dependent on statistical and geometric aspects that
also demands precise categorization of items in pictures and
involves accurate object estimation. The efficiency of object
categorization and positioning are critical measures of model
identification performance so we can easily recognize the
thing that make the. Object recognition is utilized in a variety
of applications, including intelligent surveillance, military
object identification, UAV navigation, unmanned vehicle
navigation, as well as smart transportation. The existing
model, moreover, needs to recognize objects due to the
diversity of the identified items. The complexity of object
recognition is made more complex by changing light and a
complicated background, particularly for objects in a diverse
context. The standard multiscale pyramid approach of
classification tasks and localization requires extracting the
picture's statistical multistate data and subsequently
classifying the image with a classifier [1-3]. It is tough, but
many characteristics describe things that don’t create a robust
classification model since various types of photos are defined
by distinct factors. As a result, those models could not identify
the items, mainly when many recognized objects were in a
single picture [1, 2].

Deep learning is becoming the standard approach for object
recognition because of its expertise in object identification.
These approaches (e.g., RCNN [4], Fast-RCNN [5], Faster-
RCNN [6], SPP-Net [7], as well as R-FCN [8]) are effective at
detecting multiple objects in pictures. However, for training
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and testing, most such object recognition algorithms use the
PASCAL VOC dataset [9]. The PASCAL VOC dataset is the
most extensively utilized benchmark dataset in object
categorization and identification because it enables a
consistent assessment framework for identification techniques
and learning capability. The dataset contains 20 catalogs
relevant to human life, covering animals (horse, sheep bird,
dog, cat, as well Moscow) plus humans, vehicles (car, bus,
aircraft, bicycle, ship, motorbike, as well as the train), as well
as the indoor item (ship, aircraft, train, car, motorcycle, bus,
plus bicycle) (sofa, t.v., plus bottle,). As humans may observe
with the individual item mentioned, most items with a set of
data are enormous things. Although when usually were a few
exceptions, little things with image, and focal length, like
bottles, cause these small objects to appear to be quite
enormous. As a result, a dataset-based recognition strategy,
mainly a sizeable item, will not be successful in detecting
minor things [10,11,12].

2. Related Works

In the realm of machine intelligence, object recognition is
constantly a hot issue. The traditional sliding window
recognition approach necessitates decomposing pictures into
multi-scale pictures. Typically, a single image is divided into
several sub-windows with millions of distinct positions and
sizes. The system then uses a classifier to identify whether the
observed entity is present in every window. Unfortunately, the
procedure is wasteful since this necessitates a thorough search.
Furthermore, various classifiers have an impact on object
identification efficiency. Classifiers are developed per
different observed types in sequence to generate a robust
classifier. For instance, the Harr feature paired
usingAdaboosting classifier [14] makes face identification
possible. Furthermore, we employ HOG features (Histogram
of Gradients) paired using a support vector machine [15] for
pedestrian recognition, as well as HOG features mixed
through DPM (Deformable Part Model) [16, 17] for common
object recognition. Furthermore, if a picture has many types of
recognized items, such entities will be unnoticed by
computers.

Since 2014, when Hinton utilizes deep learning to win the
ImageNet competition with the highest success rate, deep
understanding has become a popular method for detecting
objects. The object recognition model dependent on deep
learning is separated into two classes: the first one is focused
on region suggestions [18-20], like RCNN [4], SPP-Net [7],
Fast-RCNN [5], Faster-RCNN [6], and R-FCN [8], as well as
is the most extensively utilized. The other technique, like
YOLO [21] and SSD [22], does not employ area suggestions
and instead identifies the objects immediately.

For the first technique, the model selects ROIs first before
detecting them; that is, several ROIs are created using chosen
searches [23], edge box [22], or RPN [21]. The system
subsequently uses CNN to extract features for every ROI,
identifies items using classifiers, and determines the position
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of discovered objects. RCNN [4] generates around 2000 ROIls
for every image using selective search [23] and then isolates
and classifies convolution characteristics of 2000 ROIs
correspondingly. Since there are a lot of people in such ROIs
overlapping portions, identification is inefficient due to the
enormous number of consecutive computations. For such a
situation, SSP-net [7] and Fast- RCNN [5] provide
mutualRolsfunction.The approaches recover just a CNN
characteristic from the entire source picture, while so every
ROI's characteristic is retrieved separately from CNN feature
using the ROI pooling process. As a result, the work required
to retrieve every ROI feature is distributed. This approach
lowers the 2000-times CNN operations in RCNN to single
CNN operations, considerably improving computational
efficiency.

YOLO doesn't employ region proposals and instead does
straight convolution operations on the entire picture, making it
quicker than Faster-RCNN in speed but less accurate. SSD
additionally convolutions the image with a singular
convolution neural network and predicts a series of boundary
boxes with varying widths and length-to-width ratios at every
item. During the test phase, networks expect each kind of item
for every bounding box and modify the boundary box to fit the
object's form. According to G-CNN [24], object detection
challenges transforming the identification box into a tangible
box from a preset grid. The model splits the whole picture into
multiple scales to generate the starting bounding box and then
uses the convolution technique to extract features from the full
image. Then, using the Fast-RCNN approach, feature picture
A limited-sized characteristic appearance is surrounded with
an original structuring element. Finally, we may use
regression to get a more precise bounding box. After multiple
repetitions, the bounding box will become the outcome. In
brief, two object identification algorithms exist for the present
mainstream; the first is more accurate but slow. The second
one is slightly less accurate, but it is faster. Regardless of how
the item is detected, the feature extraction approach employs a
multilayer convolution technique to produce a comprehensive
abstract object property for the target object. However,
because features collected by the system are limited and can
adequately capture the item's properties, this technique
reduces detection performance for tiny target objects.
Furthermore, the PASCAL VOC dataset is the primary
object's data identification, as well as it contains 20 different
item types, such as livestock, buses, and pedestrians.
However, most of the things in photographs are enormous.
Though in PASCAL VOC are some small items, such as a
cup, however, because of the focus length, such minor entities
appear to be quite enormous in the picture. As a result,
PASCAL VOC is ineffective in detecting small objects.

The Microsoft COCO dataset [24] is a standardized dataset for
object identification and picture segmentation, as well as other
domains created by the Microsoft team. The dataset contains
various small items with varying background complexities,
making it excellent for tiny object recognition. The SUN
dataset has a total of 131067 photos with 908 scene categories
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as well as 4479 object classifications and a massive number of
small items.

The study [13] used two standards to create the rich tiny object
dataset. The first is that the things are no more than 30 ¢cm in
size. Another condition is that the area filled by the items in
the image does not exceed 0.58 percent. The author similarly
provides the map of RCNN depending on the dataset, which
has a recognition performance of just 23.5 percent.

3. Methodology:

The utilization of shading and surface data has solid
connections with human observation. In numerous pragmatic
situations, the shading alone or surface alone image data needs
to be adequately strong enough to portray the substance of the
picture precisely. An illustration is given through a division of
stock photos that show shading and surface qualities. This
instinctive psychophysical perception incited PC visualization
specialists to examine an extensive range of scientific models
by inspecting nearby and worldwide characteristics of such
two major picture characteristics. In any case, vigorous
reconciliation of shading and surface properties is a long way
from a minor target. This is inspired, to some extent, by the
trouble in separating exact shading and surface models, which
may be used locally to adjust toward varieties in picture
content. Specifically, the division of normal pictures ended up
being a testing undertaking, since these pictures show critical
inhomogeneities in shading and surface.

Moreover, they are frequently described by a high level of
unpredictability, arbitrariness, and inconsistency. In addition,
the quality of surface and shading traits can differ extensively
from picture to picture, and intricacies included by the uneven
brightening, picture commotion, point of view, and scale
contortions make the way toward distinguishing the
homogenous picture locales amazingly troublesome. Every
one of these difficulties pulled in considerable enthusiasm
from the vision analysts, as the hearty reconciliation of the
shading and surface descriptors in the division procedure has
significant ramifications in the advancement of larger amount
picture examination undertakings, for example, question
acknowledgment, scene understanding, picture ordering and
recovery, and so forth.

Over the past few decades, the field of image division based
on the union of shading and surface descriptors has
overgrown, reaching a peak in 2007 and 2009 with a high
number of calculations. The fact that more than 1000 papers
were published between 1984 and 2009 is significant because
it shows how color-surface research has become one of the
most investigated areas in computer vision and image
preparation. A specific field of study has advanced, according
to measurements that consider how many calculations on
color-surface assessment were performed during the last three
years (2007-2009). As a result, it is feasible to pinpoint
specific examples or classes of techniques that demonstrate
the concepts of component retrieval procedures or contain
coordination strategies. This essay's goal is to fictitiously
analyses some of the most significant subheadings in the
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discipline of color science. To develop effective picture
division, a lot of research is being done on surface evaluation
and auditing concepts and methods that have been studied
over time, including color surfaces. We are not aware of any
written work that was concerned with the effective
investigation of the concepts and methods that were used in
the development of color-surface division calculations, even
though a few reviews have concentrated on the evaluation of
shading alone division calculations [1-3] or surface alone
division calculations [4-9]. We would like to underline that in
this audit, the examination and classification of the dispersed
works concerning the synchronization of shading and surface
data in the division method are of special importance to us.
This, in our opinion, is the most clever strategy that can result
in a substantial knowledge of this crucial topic. Two elements
significantly lend credence to the established methodology.
The main problem with creating color-surface division plans is
the information combination (highlight reconciliation)
procedure. Thus, this kind of inquiry supports a precise
classification of the dispersed calculation as a first step. It will
also be feasible to discern evidence of nonspecific color-
surface mix designs independent of the application setting,
which is the de facto norm for the shading and surface element
extraction methods, thanks to this inquiry. Along these lines,
the chief targets of this paper are: (a) to arrange the principle
slants in color—surface incorporation, (b) to test the application
setting of suggested executions (at whatever point such
exchange is suitable), (c) to talk about the assessment
measurements that are at present used to evaluate the
execution of the division procedures, (d) to audit the freely
accessible information accumulations (picture databases) and
(e) to break down the execution of entrenched best in class
usage. It is helpful to note that this audit is essentially worried
about the investigation of calculations intended for the
division of still computerized pictures, and we will
demonstrate when the assessed approaches have been
connected to the division of video information. To give an
exhaustive understanding of entering the realm of labor of
color-surface division, we broke down numerous papers
distributed in diaries and gathering procedures. To widen the
extent of this paper, we won't limit ourselves just to the
specialized appraisal of the researched calculations. Yet, we
will likewise endeavor to give a great dialog where the
thoughts that developed in the field of color—surface mix in
recent decades are deliberately sorted. We will also look at the
viable setting of the explored techniques at whatever point
such exchange is conceivable.

Likewise, we will put an essential accentuation on the
quantitative assessment of the cutting-edge usage in color—
surface examination. In such a manner, we will exhibit
numerical outcomes by breaking down best-in-class
techniques. We will show the conditions and the information
utilized as a part of the assessment procedure. This is
contained three layers: picture handling (bring down layer),
picture examination (center layer), and picture seeing (high
layer), as appeared in Fig 1. Picture division is deemed the
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initial step and a standout amongst the essential undertakings
of picture investigation. Its goal is to separate data (spoken to
by information) from a picture through picture division,
protest portrayal, and highlight estimation, as shown in Fig 2.
The aftereffect of division; has an impressive impact on the
exactness of highlight estimation [2]. The computerization of
the medicinal picture division is imperative in therapeutic
imaging applications. It has discovered wide applications in
various regions, for example, determination, restriction of
pathology, investigation of anatomical structure, treatment
arranging, and PC-coordinated medical procedure. Be that as
it may, the inconstancy and the many-sided quality of The
human body's anatomical elements brought about medicinal
picture division remaining a problematic issue [3].

Image Feature

| % » Dat
Understa |/} Measure
Image Object
AnAalhicie Represen

L 5 Image‘ H Image : —
Processi Segment

Fig 1: Image designing and image division [2].

Proposed Work:

The target of the research is to accomplish the application of
image segmentation by recognizing text as a small object into
disjoint groups with performance matching human
impressions. This includes executing an unsupervised
segmentation of text items on noisy pictures to meet the need
for prior ROI assumptions. We need to combine two different
approaches. Images are segmented using a technique that
connects many processes based on color and texture attributes.
First, using group coefficients obtained from the wavelet
transform of the picture, arrange determines the textured
highlights. Middle sifting is then linked to lessen ambiguities
in surface regions close to image object limits from that point
on. Finally, computed surface components are related to the
space-built slope transition and the ensuing watershed shift to
gain underlying segmentation.

The weighted average strategy for local features is used to
combine sectioned areas obtained from watershed change with
similar highlights.

Image DWT2:

2-D wavelet transform with a single level of discretization
Syntax: [cA,cH,cV,cD]=dwt2(X,'wname")
[cA,cH,cV,cD]=dwt2(X,LoD,Hi D)

[cA] = dwt2(...,'mode’,MODE);
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Description

The dwt2 function performs the two-dimensional wavelet
decomposition over a single level. If you compare the method
to wavedec?2, that might be more suitable for your
requirements. A specific wavelet (‘wname'; see filters for more
information) or particular wavelet decomposition filters (Lo D
and Hi D) that you supply are used to conduct the
decomposition.

dwt2(X,'wname) = [cA, cH, cV, CD] The wavelet
decomposition of the input matrix X is used to generate the
approximations coefficients matrix cA as well as the details
coefficients matrices cH, cV, and CD (horizontal, vertical, and
diagonal, respectively). Wavelet identification is part of the
character vector for "name."

dwt2(X, LoD, Hi D) = [cA, cH, cV, CD] Calculates the two-
dimensional wavelet decomposition as displayed above using
the wavelet decomposition filters you supply.

The decomposition low-pass filter (Lo D) and high-pass filter
(Hi D) are used.

Both Lo Das and Hi D ought to be of the same size.

Let sx = size(X) and if = length of filters. Then, size(cA) =
size(cH) = size(cV) = size(cD) = sa, where sa = ceiling(sx/2)
and sa = floor((sx+If-1)/2) for different forms of extension if
DWT extensions mode is periodization.

[cA, cH, ¢V, and CD] = dwt2('mode”, MODE) Using the
MODE extensions mode that you choose, wavelet
decomposition is calculated.

The extension mode you intend to utilize is included in the
character vector MODE.

[cA,cH,cV,cD] = dwt2(x,'dbl','mode’,'sym’); is a suitable
application example.

Algorithm:

1. Obtaining Image Data: Analyze natural picture (1) and
resize it before selecting its feature. The digital image is saved
in binary format. The image is read as the 8-bit integer data
and kept in the matrix format. In this code, the pictures are
saved by different names, and on inserting a specific term, the
image is imported and saved in matrix data.

2. 1 level Image DWT: Accomplish principal level 2D DWT
on the image and acquire the estimation segment (A) as the
transformed information.
[A DH DV DD]=DWT (1)

The | is the image matrix and passed through 2 dimensional
filters acting along x and y direction along the rows and
columns. The DWT applies the filtering to create the high pass
and low pass frequency components of image. The low pass
component are taken as approximated components saved as A
and the high frequency components are DH known as
horizontal details ,DV are vertical details and DD are the
diagonal details.
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3. 2 level Image DWT: Perform second level 2d DWT on
image as well asacquireestimation segment (Al) of changed
information.
[A1 DH1 DV1DD1]= DWT(A)

The first level DWT gives Components with high as well as
low frequencies. Low frequency data are large in amount as
per energy density. They are further broken into low and high
frequency. To accomplish this task the low frequency part
known as approximation component (A) are further passed
through the DWT again and the resultant matrix are called as
Al (approx.),DH1,DV1 and DD1 are details part.

4. Approximated Image Reconstruction by 2level IDWT:
The resultant approximated part obtained by 2nd level DWT is
in double precision format and called as wavelet coefficients.
These approximation coefficients are further added with null
value of details component to reconstruct the approximated
image in the 8 bit integer format. It is taken as the performing
the reverse DWT as well as reproduce image by considering
just approx. segment as well as stifling the DH, DV and DD
point by point segment. The details are removed by
suppressing them to zero. In this way, the noisy edges and fine
lines are removed the image become clear and the morphology
become homogenous.

5. Entropy separating: The entropy values represent the
information content at different location of image as per the
density of pixel intensity variation. The image entropy based
separation of high and low entropy regions are segregated to
know the information content. Apply entropy based separation
to remake approximated image. These entropy values are

taken as features to segment the image in different regions.
255

H=- Z pilog,p;
i=0

H=entropy of image
pi=probability of occurrence of a symbol i.

6. Remove minuteunwanted objects: The image consists of
dots or circular shapes as openings. The small openings are
removed out to minimize ambiguity during the segmentation
process. The removal of the undesirable openings having size
lower than 100 pixels is performed in this code for making
higher accuracy in segmentation.

7. Morphological Processing: The morphological process is
performed to bring changes in the shape of image objects. This
is performed by two different schemes known as erosion and
dialation. The erosion removes the boundary pixels of image
objects. It helps in separating two objects, which are closer.
The dilation process adds on pixel at the boundary of object. It
helps in aggregating object having very thin border lines.

E is a Euclidean space or an integer grid, B is a structural
element that can be seen as a subset of Rd, and | is a binary
image in E.The equation for dividing A by B is
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A@B:UA,,

where A is translated by b to form A,
Commutative dilation is also provided by

AEBB=BEBA=UBa

a€A

8. Texture Masking: Textures are the patterns of similar type
associated with variation of color and shades and geometrical
shape. The natural imagesconsist of objects of specific color,
shade and pattern and they may be easily separated out as
different textures. The masking of the texture 1 as well as
texture 2 is applied to create texture dependent divided image.
It helped in separating out the background and the outside
boundary of image object in one texture..

9. Edge Detection: Edges are the boundaries, line, borders
associated with the borders of any object in the image. The
edges are taken as the abrupt changes in the shades of the
image objects. The Sobel filtering are applied first
highlight edge borders, and then compute gradient magnitude
to provide a picture with one at edges as well as zero for inside
areas.

fx) = b ;11 (erf(\/%_() + 1) +1

I_and I, are image intensity at left and right side. o is the blur
scale of image.

10. Edge Erosion: The unwanted image objects are small
lines in the image and creates problem in separating of major
segments. Hence, the erosion of such objects is having less
than disk size 4 pixel done.Let A be a binary image in E, and
let E be an integer grid or a Euclidean space. The structural
element B defines the binary image A's degradation by:
A©SB={z€E|B, € A4}

where Bz is the vector z's translation of B, i.e..
B,={b+z|b€B},VZEE

11. Edge widening: After removal of small and thin
boundaries. The leftover boundaries are widen to clearly
segment out the important image objects. Implement dilation
to objects with a disc size of less than 4 pixels as well as
rebuild the image.

12.Thresholding: Thresholding operation is applied to
choose segmented bounds of strong luminous intensity on
edge elements

13. Watershed Transform: The image consists of different
intensities in the gray levels. The higher and lower intensity
regions are considered as the maxima and minima location. It
is called as peaks and valleys. The watershed transform

Available online at: www.ijrdase.com Volume 23, Issue 1, 2023
All Rights Reserved © 2022 IJRDASE



envisage the distribution of local minima with respect to
intensity. It helps in the image objects with separated
boundaries.

Let f €(D) have {mk}c minimums for some | index set. The
collection of sites xeD that are topographically closer to m;
than to any other regional minimum is known as the
catchment basin (mi) of a minimum mi.

CB(m;) = {x € D}Vjl{i}: f(m;) + T(x,m;) < f(m;) +

Tr (x, m;) (i)

The collection of sites in f's watershed that are not part of any
catchment basin:

Watershed = (f) = D n (U CB(m,))*
i€l

Let W stand for any label. A mapping is the watershed
transform of f,A: D — Iu {W}, such that Ap = iifp€ (mi), and
Ap = WifpeWatershed.

The watershed transformof fassigns labels to the points of D in
such a way that | distinct catchment basins are each given a
unique label and (ii) a special label W is given to every point
of the watershed of f.

14. Superimposing of segmented image objects: All the
segmented image objects obtained by entropy features, edge
detection and watershed transforms are finally superimposed
to account the final segmented image. Overlay a watershed-
change connected, divided image made up of surface-based
pieces.

Isuperimposed =11 U, U I3

15. The segments are termed as the objects representing
different kind of features. Extraction of the image features
using entropy, wavelet coefficient and textures data for all the
images.

16.Development of the training and testing data using the
features of segmented image to develop a classification model
using the ANFIS algorithm.

LEBOROUGH|
i IR

\

Fig. 3. Original Image
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17. The clustering scheme is applied to generate a fuzzy
inference system consisting of membership functions and
fuzzy rules. The ANN learning scheme is applied to reform
the developed fuzzy system using clustering.

A neuron with label j that receives input pj(t) from preceding
neurons is made up of the following components:

An activation function that, given an activation aj, calculates
the new activation at a particular point in time t+1 ()., a
discrete-time parameter, and an optional threshold j that is
fixed unless learning changes it (t). the net input of the
resulting relation, pj (t),

a(t+1) =f(q),p;©).6),

and a function for calculating the output of activation

Oj (t) = fout (aj (t))

The propagation  function computes  the input to  the
neuron from the outputs and typically has the form:

p;(t) = Z 0; (D)wy;

L

A bias term can be added, changing the form to the following:
p;(t) = Z 0;(Dwy; + w,y;

g; is the bias.

4. Result and Discussion:

To test our text extraction technique from complex degraded
images, we have used random images from various Internet
sources containing a wide range of datasets with different
background illumination, color, image quality, font sizes,
orientation, etc. The proposed algorithm is implemented on
the MATLAB R2018a platform. All the experiments are
performed on a standard computer (Intel Core i7- 4770, 3.40
GHz CPU, 4 GB RAM, and Windows 8.1 Pro, 64-bit OS).
Some of the complex degraded images and the extracted texts
are shown in Fig 3 to Fig 6.

Image with Gaussian noise
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Fig. 4. Image with the Gaussian noise
MIDDLEBOROUGYy

Fig. 5. Detected Obiject

Image with salt and pepper noise

' Fig.' 6 Image with salt and 'peppel; hoise

MIDDLEBOROUGYy
Fig. 7. Detected Object

The proposed method has its advantages and disadvantages. It
works appropriately on many datasets, such as screenshots,
invoices, documents, hoarding banners, etc. However, it might
not function accurately on complex degraded images with
poor image quality and uneven edges. A comparative analysis
of accuracy for various embodiments is illustrated in figures 7,
8.

Comparison of accuracy for different images

B Image Id

B Accuracy (%age) Original
Image (Without Noise)

Accuracy (Yoage)

W Accuracy (%age) Image
with Gaussian noise

1 2 3 4

Image Id
Fig. 8. Comparison of accuracy for different images with
Gaussian noise.
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Comparison of accuracy for different images

M Image Id

W Accuracy (%age) Original
Image (Without Noise )

Accuracy (%age)

1 Accuracy (¥%age) Image
with salt and pepper noise

Image Id

Fig. 9. Comparison of accuracy for different images with
salt and pepper noise

5. Conclusion:

The text object detection model's performance also depends on
the texture and color intensity in images. Previously the
researchers had used a single hyper-tuned configuration to
develop the model, but it impacted the model's scalability on
various datasets. Our proposed hybrid technique has shown
promising accuracy improvement, especially in the text under
small object detection. The watershed and entropy features
configuration can be obtained over the fitted dataset using the
wavelet. Further, we can apply better morphological methods
to enhance the model's efficiency. The proposed model has
achieved improvement in accuracy score.
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