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ABSTRACT

Colo-Rectal Cancer (CRC) stood witnessed as the major cause of deaths worldwide, especially in men. But the early detection and removal of polyps can reduce the
death rate to a considerable extent. The various stages of colon cancer using the YOLOv3 Multi-Scale Framework (YOLOv3-MSF) have been studied here in this
context. Colonoscopy is an examination method to detect changes in the rectum by inserting a long flexible tube into the rectum. For screening colon cancer,
gastroenterologist often refers to the pathological images of colonoscopy for diagnosis. In recent decades, various machine learning algorithms are used for diagnosis
to get practical and reliable results. More often, the stages of colon cancer can be inspected by the Tumor Length (TL). In this study, the polyps are segmented and
allowed to measure the TL value by assessing polyp length (Pjen) and polyp width (Pyiq). The various stages of colon cancer have been ascertained based on the
maximum length between the Pje, and Pyiq. Our research uses the single-stage YOLOv3 object detection model to locate and classify the various stages based on the
TL value. It outputs the class probability and position coordinates of each image by enhancing accuracy and robustness. At the outset, during preprocessing to address
the specific problems like reduced contrast, blurred images and noisy data, the proposed model defines a data augmentation with a jitter value of 0.3 to avoid
overfitting. Next, for detecting and annotating various stages of colon cancer, YOLOv3-MSF deep learning architecture with multiscale detection layers used here. By
adopting transfer learning, we used YOLOv3 in our work. It chooses the anchor boxes using the K-Medoids algorithm during object detection in the training stage
based on the ResNet network structure of YOLOv3. Finally, additional layers such as fully connected layer are embedded into the existing architecture. we used the
CVC colonDB database to train and evaluate the fully connected layer during experiments. To analyze the performance of the proposed system, we compare our
model with the state of art object detection model. Experimental results show that the proposed model outperforms existing systems on peak to accuracy, precision
rate, recall rate, and f-measures.

1. Introduction:

Colorectal cancer is the leading cause of death in the world [1]. Early
detection and treatment of colorectal cancer will result from effective
colorectal cancer screening, lowering medical expenses. Adenoma of the
large intestine is the source of colorectal cancer tumors [2]. Its is
considerably very difficult to recognize and recover adenoma occur in
the large intestine or cancer at the early stage without putting people
through unnecessary tests or stress [3]. If adenoma occur in the large
intestine, otherwise colorectal cancer is anticipated, colon endoscopy
will be conducted qualitatively analyzed. Recently, various hospitals
ready doing colonoscopy magnification of colon endoscopies in addition
with enhancement of image methodologies includes narrow band im-
aging (NBI), furthermore examination test became unavailable [4-6].
According to Japanese Society of 2016, treatment which exist in Colon
and Rectal cancer treatment guidelines of cancer which present in
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polyps, adenoma, CT is cancer and invasive cTI cancer (hereinafter,
cT1a), single resection through colon endoscopy is possible. However,
there is a 10 %-15 % or more chance of lymph vascular invasion in
profoundly aggressive cT1 (SM) (hence, cT1b) or throughout deepened
colorectal cancer, necessitating surgical resection with lymph node
dissection [7-9]. Avoiding needless endoscopic removal during endo-
scopic diagnosis will result in performing direct surgical resection,
which provides costs and time advantages [10].

In most endoscopic diagnoses, in order to adjust luminal expansion
from the endoscope, in the presence of both aeration and de-aeration is
present which is done with help of non-magnified observation [1]. Also,
certain things like form changes, distension and tumor elasticity, exist
and in-exist of recession and two leveled protrusion and folds of con-
centration which is observed on the surrounding surface. If the NBI
magnification findings are JNET 2B and JNET3, a pit pattern diagnostic
utilizing crystal violet staining and white light magnification and
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observation is indicated [11-14]. Diagnosis with magnified observa-
tions and NBI observations have been reported to improve diagnostic
rates even for tiny and small colorectal polyps that may be difficult to
diagnose. Colon endoscopies, on the other hand, have grown in popu-
larity and improving endoscopic diagnosis rates in routine colon
endoscopy examinations is crucial. Furthermore, cT1b has determined
that under conventional white light observation with 0.1 percent indigo
carmine application, the specificity, sensitivity and diagnosis at the
proper rate which requires surgical resection are 66.0, 95.8, and 86.3
percent respectively [15]. Medical expertise involves through the
functionality performing the endoscopy activity and on the other hand,
are under pressure to perform correct depth of invasion diagnosis which
is considered the phases of colon endoscopies at the time of screening in
clinical environments [16].

Target identification is among the most key concepts in medical
image diagnosis, also it has long been a wider research area. Several
detectors like deep convolutional neural network (DCNN) [17] have
indeed been suggested along with advancement of GPU which is
graphical processing unit [GPU] hardware technology. DCNN out-
performs classical target detectors in terms of generalization and
description. This will be automatically learning the content with respect
to semantic of the respective targets. These detectors are still widely
employed in our daily lives [18], For instance, recognition of face
[20,21], recognition of action [22,23], transportation in intelligence
way [24-26], driving uses autonomous track [27,28], surveillance
adopted intelligent [29-31], retrieval of clothing purpose for advertising
videos [19]. Multi-scale output is employed by detectors that works on
the functionality of DCNN, which includes YOLO V3 [32], SSD [33], and
DSSD [34], to detect targets of various sizes. With a highest-level
pathway including lateral interconnections, by actioned this situation,
feature pyramid network (FPN) which is progress by means of
combining the feature of two adjacent feature hierarchy scale [35].
Highly fine-grained information that are provided by feature with
respect to high resolution of feature map. It is very useful will be able to
forecast the position and category of target with highest accuracy. The
classification accuracy which is greatly enhanced by implementing the
FPN concept in the architecture of YOLO V3 and DSSD.

Despite the fact that detector with respect to multi-scale target
detection has been improved the performance of target detection, still
there is significant potential which means for development. For starters,
feature fusion across adjacent scales isn’t enough. It’s crucial to combine
feature maps with different scales in order to better find and classify the
targets. Furthermore, prior to feature fusion, the feature map size must
be unified. Also up-sampling and down-sampling which has been uti-
lized to reformat vectors respect to features at different levels to make
them the same size. Interpolation is a common method of up-sampling.
The ill-posed restoration problem [36] cannot be solved with interpo-
lation because it lacks extra information. Down-sampling approaches
have always been max-pooling, average-pooling as well. Pooling, down
sampling which leads to some critical information has been losses. It is
unable to provide a method for learning the mapping process from high
resolution to low resolution. The process of concatenation also utilizing
to merge the two features by joining the feature map channels and
considerably that is popular feature fusion process. It cannot, however,
convey the significance of features which is spatial at different scales
also channel features of corresponding correlation.

Attempts to predict outcomes from the clinical results using histo-
pathological evidence which utilizes machine learning have employed
either of two strategies. Pre-defined morphologic using proprietary tools
like Cell Profiler which is the very first strategy focuses on extraction of
features. Then to figure-out pre-defined traits, both machine learning
and statistical approaches are linked also correlated to survival. Then
the second and very advent technique is to employ insufficient deep
learning supervised approaches to predict directly from the survival of
WSL. Then removing the need for pre-defined features but adding new
hurdles in terms of model explicability. While several researches have
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attempted to depict the morphological traits acquired mostly by models,
repeatable interpretations of these kind of features and determine the
level over which they truly explain the prediction of model which
constantly maintains the problems. Deep learning is a type of machine
learning algorithms that uses increasingly abstract representations of
incoming data to execute a job. These methods make use of training data
to figure out how to build these representations in a task-appropriate
way. Conventional machine learning, on the other hand, creates repre-
sentations of the input data that are used to execute the task using
handcrafted features. Deep learning has already been proved to
outperform previous machine learning approaches in a variety of ap-
plications, and it is predicted to improve clinical procedure. Convolu-
tional neural networks have performed at a variety of picture
interpretation tasks, and it’s possible that they may be used to extract
additional data from histopathological photos. The goal of this study
was to apply deep learning to analyses traditional whole-slide photo-
graphs in order to generate an automatic predictive biomarker for pa-
tients with primary colorectal cancer who had their disease removed.

Hence, the objective of the current research focuses, to avoid over-
fitting problem, data augmentation is utilized. Next, for detecting and
annotating various stages of colon cancer, YOLOv3-MSF deep learning
architecture with multiscale detection layers used here. Once tumor is
detected over the image then the length of tumor is determined. We
utilized YOLOv3 architecture for our proposed work with help of pre-
trained model. Further more fully connected layer is developed in the
last layer of existing architecture in which we used the CVC colonDB
database for additional training. To analyze the performance of the
proposed system, we compare our model with state-of-art, Faster-CNN
object detection model.

2. Related study and literature survey:

This section describes various related study that are invented by the
researchers so far. This survey only focuses through, how deep learning
techniques which are widely utilized in order to detect colon cancer.

Traditional method and convolutional neural network are the two
group of composed techniques that are widely used for the detection of
polyp. The conventional polyp detection technique which is centered on
handcrafted features which is systematically works on the basis of
separate classifier. The detection of polyp which uses the geometric
features which includes shape, size and information of texture [37-39].
For instance, in the literature work for detecting polyp and geometric
and texture features are widely used. In order to find out image contour,
an edge detection through canny filter is used [37]. Then upon that way,
to facilitate automated selection marker for the region of polyps, clus-
tering technique along with gabor texture features [40] is used. For the
identification of polyps, a geometric information has been extracted.
Detection of automated polyp segment which is detection by means of
utilizing support vector machine and cross section profiles.

CNN has rapidly drawn a huge amount of attention to the field of
computer vision but have achieved significant progress in a number of
areas, including detection [55-57], segmentation [54] and classification
[53]. In addition, CNN has been used in analysis of healthcare sector
generated image. For example, the demonstration of deep learning
approach can outperform pathologists in terms of diagnostic perfor-
mance [48]. Also, high level of sensitivity and specificity which is pro-
duced by various deep learning algorithms in order to detect tumors.

In addition, some algorithms have used features for recognition of
polyp, assuming that polyps get a lot of information regarding texture.
For illustrate, the author created classification technique which mean-
s histogram feature of two dimension by combining the Local Binary
Pattern (LBP) with average intensity [46]. The authors [47] used
patches of different size to depict the image portions at the same time.
They used the size of multiple patches to train an SVM classifier, that can
also spot anomalous regions quite accurately than patches of single
size alone.
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Fig. 1. Proposed Work flow.

For automatic detection of polyp, a two-level technique has been
proposed by the author [42]. In the given context, the considered pa-
rameters are texture and color of data, features of temporal information,
and shape in the given context were used to find probable polyp areas in
research literature. Further on, CNN was used to learn as well as classify
features. The overall advantage of CNN to make use of entire -
information over the given image, which is included by color, shape and
texture. For various analysis of CNN, the authors conducted different
strategies which resulted on basis of reflecting towards the trained
model from the scratch and furthermore, which is fine tuned with help of
various types of cancer. They determined that fine-tuned algorithm
outperforms well also, when compared with ROC curves, it proves full
training by using fine-tuned function.

A three-dimensional deep learning architecture which was develo-
ped by Yu et al. [49,50] that may be utilized to minimize the rate of false
positive and increase performance of network discrimination. In order
to transform low level features from different dataset of non-medical
domains which widely utilizes the detection and classification models
by Zhang et al. [43,44]. The suggested technique distinguished between
from the features of polyp and non-polyp before predicting the
morphology of polyps in the latter. This presented scheme shown that in
order to utilize transfer learning can be quite effective in medical tasks
[45]. A detection approach, which is based on CNN architecture also it
includes different down and up sampling techniques [51,52]. This
method was unique because of how it investigated different feature of
multi-level representations with fully CNNs from beginning to end.

3. Methodologies:

This section elucidates different approaches that are used for our
proposed system. Our proposed system utilizes single-stage YOLOv3
object detection model in order to detect and locate the various stage
based on the TL value. It outputs the class probability and position co-
ordinates of each image by enhancing accuracy and robustness.

Initially preprocessing is done which includes minimizing contrast
over the image, blurred image and noisy data. Once preprocessing is
done, then to avoid overfitting problem, data augmentation technique is
utilized. Then YOLOv3-MSF model is utilized, which is a pretrained

model and trained using COCO dataset. Furthermore, two fully con-
nected layer is applied at the last layer of existing architecture, in order
improve the efficiency of the model. We used CVC colonDB database is
used in order to train the fully connected layer. Fig. 1, clearly depicts the
proposed work flow.

3.1. Data pre-processing:

In general, preprocessing is the technique to remove all the noise and
unnecessary thing from the given set of datasets. Our collected raw
dataset, which is CVC colonDB. This dataset is un preprocessed in nature
which means that, it contains the noise among the dataset, also we
convert that into desired vector at this stage. The first stage in processing
the dataset is preprocessing, which is increasing the quality of an image
before it is utilized further by removing undesired image information,
often known as image noises. If this issue is not addressed appropriately,
there may be several mistakes in the classification. The treatment is also
required due to flaws such as low contrast between the lesion and sur-
rounding healthy skin, an uneven border, and skin aberrations such as
hairs, skin lines and black frames. Many filters can be used to eliminate
gaussian noise, speckle noise, Poisson noise, salt and pepper noise,
which includes the filters of means, median, adaptive median, gaussian
filter and adaptive wiener filter. For instance, an image consisting of
hairs with the lesion, which may lead to misclassification.

Contrast adjustment, vignetting effect removal, color correction,
picture smoothing, hair removal, normalizing and localization are all
pre-processing techniques that are used to reduce or eliminate image
noise. Combining the right pre-processing procedures yields more pre-
cision. Preprocessing techniques includes black frame removal, auto-
matic color equalization, hair removal, dull razor, karhunen-loeve
transform, gaussian filter, pseudo-random filter, non-skin masking,
color space translation and feature extraction.

3.2. Data Augmentation:
Simple changes such as horizontal flipping, augmentations of color

and space, and random cropping were the first to demonstrate the use-
fulness of Data Augmentations. Several invariances that pose a difficulty
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of recognition of image tasks are encoded via these transformations.
Some the widely utilized augmentations technique that people used for
their image dataset are, transformations of geometric, transformation of
color space, images mixing, augmentation of feature space, training
using adversarial network, transfer style of neural and schemes based on
meta-learning. Here we utilized augmentation technique in order to
avoid overfitting problem by using jit value 0.3.

3.3. YOLOv3 Multi-Scale Framework:

Most widely used detection of objects in the recent days is YOLO
which was proposed by joseph redmon et al. [41]. But nowadays, it plays
a vital role in order to provide promising outcomes over the field of
detecting objects. Then YOLOv3 was evolved on the basis of YOLO,
which is a well advanced and latest object detecting technique. A single
deep convolutional neural network is utilized in YOLOv3, furthermore it
divides the given input image into numerous cells and each cell predicts
a bounding box directly and classify the objects. The illustration of
YOLOV3, which is depicted in figure. The important function of that
algorithm is to divide the given image into M x M cell, then prediction is
occurred in every cell. Furthermore, middle position of an object is
found in every cell, that is used in order to liable each and every iden-
tified object. Consider each bounding boxes, a confidence score is
determined which is used to predict an all-bounding box. Consider every
box, this confidence score is the indicator of an object and it helps to
determine the cell. Also, it helps to predict every box accurately. Also,
confidence score is calculated by using the given equation,

Confidence = Q,(obj) x loU(groundtruthvalue, predbox) — — — 1)

From equation (1), the range of Q. from Q,(obj) € {0,1} which in-
dicates that the intersection over the union in-between ground-truth
value (GT) and predicted box (PredBox). Moreover, the object does not
exist in the cell which indicates that the range of confidence score should
be {1}. In otherwise we can say, both IoU-intersection over union and
confidence score is equal which lies between value of ground truth and
predicted box. Consider to detecting object, over each predicted class
probability which is conditional “C”. Thus, for each cell the expected
total value is 5 + C. And the expected value parameters include {a,b,w;,
h;,conf}. The coordinates of middle position of the box are indicated by
{a,b}. Then the width and height of the respective boxes is indicated by
wj, h;. Various issues which are solved by YOLOv3 that includes
normalization of batch, problem regarding skip connection and prob-
lems regarding localization. Also, YOLOv3 detect object on basis of three
scales. This is done with help of input image size up to 32, 16 and 8
respectively, also down sampling technique is utilized to in terms of
accurate prediction. The prediction is done with help of encoding pro-
cess of YOLOvV3, which is given in equation (2).

NxNx(Bx5+C)— — — ()]

Each input image of cell size is N x N. The total bounding boxes in
the cell is ‘B’, for the attributes of four bounding box is ‘5’ with
respective number of cases is indicated as ‘C’. The target object which is
consisting of different classes, hence convolutional layer such as 1 x 1
along with activation function of logistic regression are used instead of
using SoftMax layers. By means of using threshold value, a target object
is detected also by using logistic regression, a confidence score is pro-
jected over each determined class. The error occurred in predicted and
real value is computed by using the loss function includes classification,
localization and confidence. By combining this three-loss function, a
final cross-entropy loss function is determined which is .
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Table 1
Process of resizing feature map of every scale.

YOLO V3 Resizing of Resizing of scalel Resizing of scalel

scalel

Fusion of - Convolution layer as Convolution layer as
feature for subpixel denotes (r subpixel denotes (r =
scale 1 =2) 4)

Fusion of Layer of - Convolutional layer as
feature for ~ pathway subpixel denotes (r =
scale 2 denotes (r = 2) 2)

Fusion of Layer of Layer of pathway (r -
feature for ~ pathway =2)

scale 3 denotes (r = 4)

Lossfunction = hcorq Z Z l"b’

=0 j=0

me#@wﬁ@méwh]ng
X Zl”b/ {(
x ic,j ~B) HW,,jrzz

J= i=0

Z n()bj le -H»m,h, Z Inobj Z

= i=0 beclasses

(Fe) = Tie) = — —

i

From equation 3, Ig’ indicates that, in order to predict target object,
jth bounding box is responsible for the cell belongs to ith indices. If this
gets satisfies the equivalent value ranges as 1, otherwise it is to be 0. The
number of cells is indicated as S? and number of bounding boxes of each

cell is represented as B. The middle position of each cell represented as
o(px) and a(py) respectively. The target class probability value is rep-

resented by ‘p’ along with respective confidence score is indicated as ‘c’

3.4. Detection of Tumor’s region:

Once, bounding box is determined over the image, which represent
that all the tumors’ patches are identified. With respect to the loss
function, a generalized IoU, is performed over the identified boundary
box. This can be used find out the predicted bounding box and ground
truth object is how match to each other in order to detect the length of
tumors using bounding boxes. It i3s computed with help of equation 4,

|Tor N T, _ |T\(TGT u Tp) |
|Ter UT,| 7|

IUUT(;T.Tgp = (4)

From equation (4), the ground truth value of bounding box is rep-
resented as Tgr along with respective predicted bounding box as, T,.
Furthermore, the respective loss is determined with by using the
formula,

10U loss =1 —10Upgy g, — — — (5)

To predict the confidence of target class is represented with respect
to focal loss. It can be reduced with respect to relative along with much
attention needed over the detected region. Once this is done then the
process resizing feature map is performed which is clearly indicated in
Table 1,

3.5. Non-Maximum suppression:

In order to capture each object perfectly, multiple bounding boxes
are being created by YOLOv3 while detecting target object over an
image which is also be different shapes and different sizes in nature. By
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Table 2
Comparison between YOLO-V3(Without transfer learning) with other state of art
models.

Model Accuracy  Precision  Recall F-

Measure

ResNet 81.93 % 79.12 % 78.03 78.98 %
%

AlexNet 83.32% 80.23 % 79.43 80.01 %
%

Fast-CNN 84.53 % 81.09 % 82.45 82.01 %
%

Faster-CNN 87.87 % 85.23 % 86.39 85.98 %
%

Deep Learning ANN 93.26 % 91.04 % 92 % 86.01 %

YOLO-V3(Without transfer 93.4 % 91.08 % 91.78 91.32 %
learning) %

means of detecting single bounding box from the set of various over-
lapping bounding boxes, a non-maximum suppression technique is
widely used. This technique is the popular technique because its
simplest nature. For detection of best match result, this method elimi-
nates detection of redundant objects. The algorithm for non-maximum
suppression is given as follow:
Algorithm: Begin.
Input: D = {di, dz,---..dn}, S = {s1.52,--5n}, T

D - initial set of detected boxes
S - Respective confidence score
Tp- Threshold for NMS

Output: Set of final detected boxes D
1: B «{}

2: while D! = @ do

3:m = maxargS

4:B—BUdyy; DD —dy;S<S—m
5:for d;eDbo

6:if (dm,d;) >Ty then

7:D«D —d;; S-S —i

8:end if

9:end for

10: end while

4. Experimentation and result discussion:

Our proposed system, which is developed by using YOLOV3 object
detection model. We utilized pretrained model of YOLOV3, which is
originally trained by using COCO dataset. In order to improve the model
accuracy, an additional layer is embedded to existing architecture. We
provided additional layer with help of fully connected layer which is
trained by using 30 epochs. The dataset that, we are using for additional
training is CVC colonDB database. Once detection is done with help of
developed model, then on the basis of length of tumor, we classify that
belongs to stage 1, stage 2 or stage 3.

95.00%
90.00%
85.00%

80.00%

75.00%

70.00%-

Accuracy Precision Recall
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4.1. Description of dataset:

Dataset consisting of 1000 HD endoscopic images that are widely
collected from 3 clinical procedure rooms. Furthermore, the dataset
consists of early cancerous lesions of example as 500 and non-cancerous
lesions of example 500. Also, the annotation was independently done
with help of 5 top medical experts from Europe, by means of find out
appropriate standard. All experts are used a various color for delineation
of cancer. The dataset images consist of 598 patients’ images, which
consisting both male and female. We collected CVC colon dataset from
https://endovissub-barrett.grand-challenge.
org/Data_description/. This dataset is trained with help of two fully
connected layer of 30 epochs.

4.2. Result comparison:

Once, experimentation is done by utilizing with and without transfer
learning techniques. Here, we compared results with state of art model
such as ResNet, AlexNet, Fast-CNN and Faster-CNN object detection
model. Our experimentation result comparison consisting of three main
phases. In phase 1, we provided the result comparison of state of art
model along with YOLO-V3 model without utilizing transfer learning
technique. In phase 2, we provided the result comparison which ex-
plores the data augmentation technique infused state of art model along
with data augmentation technique infused YOLO-V3 without utilizing
transfer learning. In phase 3, we provided the result comparison which
explores the data augmentation technique infused state of art model
along with data augmentation technique infused YOLO-V3 with utilizing
transfer learning.

Table 2 clearly indicates the working performance of state of art
model and YOLO-V3 object detection methods without utilizing transfer
learning technique. As the result, we can see the working progress all
YOLO-V3 model along with state of art model in terms of various per-
formance evaluation metrices. From the comparison YOLO-V3 model
has achieved with highest rate of accuracy. Respective comparison
graph is given in Fig. 2.

Once data augmentation is applied, then we compared proposed
YOLO-V3 model against other state of art model. Our proposed YOLO-
ctV3 with transfer learning technique achieves the highest accuracy of
94.09 % while classify tumor as stage 1, stage 2 and stage 3. And the
respective graph as given in Fig. 3. The metrics that we are used to
compare is accuracy, precision, recall and f-measure. As the result
proves that our proposed technique achieves highest performance in
terms of all metrics that we are used. The respective comparison Table 3
and graph are given as follow,

Finally, we compared proposed YOLO-V3 model (with transfer
learning) which is infused of data augmented technique with other state
of art models. Here transfer learning techniques adopt two fully con-
nected layer in which we trained those layers using CVC colon dataset,
which is mentioned in description of dataset, which is mentioned in
description of dataset. Our proposed YOLO-V3 with transfer learning

O ResNet

@ AlexNet

O Fast-CNN
O Faster-CNN

B Deep Learning ANN

at O YOLO-V3(Without transfer

F-Measure learning)

Fig. 2. Comparison between YOLO-V3(Without transfer learning) against other state of art models.
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Fig. 3. Comparison between data augmentation technique infused YOLO-V3 (without transfer learning) model against state of art models.

5. Conclusion

Table 3
Comparison between data augmentation technique infused YOLO-V3(Without Colo-Rectal Cancer (CRC) stood witnessed as the major cause of
transfer learning) model against state of art models. deaths worldwide, especially in men. But the early detection and
Model Accuracy  Precision  Recall F- removal of polyps can reduce the death rate to a considerable extent.
Measure Hence present study, we introduced YOLOv3 Multi-Scale Framework
ResNet 83.63 % 80.13 % 79.33%  79.88 %
AlexNet 84.33 % 81.34 % 80.39%  80.64 %
Fast-CNN 83.53 % 81.98 % 80.35%  80.03 % Table 4
g o [ 0 . . . .
Faster-CNN X 88.45 % 86.33 % 85.12%  85.32% Comparison between data augmentation technique infused YOLO-V3(with
YOLO-V3(Without transfer 94.09 % 92.84 % 91.98%  91.64 % transfer learning) model against state of art models
learning) anster ‘earning) mo 8 .
Model Accuracy  Precision  Recall F-
Measure
. - . o - .
technique achieves the highest accuracy of 96.04 {oWhlle clasmfy. tum?r ResNet 83.63 % 8013 % 70.33 %  79.88 %
as stage 1, stage 2 and stage 3. And the respective graph as given in AlexNet 84.33%  81.34%  80.39%  80.64 %
Fig. 4. The metrics that we are used to compare is accuracy, precision, Fast-CNN 83.53 % 81.98 % 80.35%  80.03 %
recall and f-measure. As the result proves that our proposed technique Faster-CNN 88.45%  86.33% 85.12%  85.32%
. . . . - i 0, 0, 0,
achieves highest performance in terms of all metrics that we are used. YCI)LO Y3(§N‘th transfer 96.04%  93.98%  94.87%  94.02%
. . . earnin,
The respective comparison Table 4 and graph are given as follow, 8
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Fig. 4. Comparison between data augmentation technique infused YOLO-V3(with transfer learning) model against state of art models.



M. Murugesan et al.

(YOLOvV3-MSF) in order to detect tumor, once tumor get detected then it
is classified as stage 1, stage 2 or stage 3 based on its length. Present
study utilizes CVC colon dataset, and also transfer learning technique
being adopted in order to train the dataset. We used two fully connected
layer in order to provide additional training over the existing architec-
ture. In order to evaluate the performance of the proposed system,
various metrics like accuracy, precision, recall and f-measures are being
used. Also, comparison has to be done, with state of art model like
Faster-CNN. As the result proves that our proposed YOLOv3 with
transfer learning technique performed well in terms of different evalu-
ation metrics. Also, we aim to integrate layers like LSTM and Regression
layer in the existing architecture in our future work.
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