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Abstract

In order to detect numerous diseases in their early stages, medical image processing is crucial. A
convolutional neural network (CNN) achieves high accuracy in the semantic segmentation of medical
image analysis. This strategy has a high computational cost. It is essential to use proper architecture
during the training process to overcome this problem. For this, several CNN architectures have been
described in the literature during the past ten years. This paper conducts a comparative study of four CNN
architectures (U-Net, U-Net++, MultiRestUnet, and Dual Channel U-Net.) The accuracy and
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of mention architectures for tuberculosis data base segmentation were explored.
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1. Introduction

Deep learning is frequently used in the
interpretation of medical pictures as a result of
recent developments in computer vision during
the past ten years. While the use of deep learning
in computer vision has spread throughout many
industries, there are still challenges in the field of
medical imaging. Over the years, numerous
innovative techniques have been created to
address these various issues. Convolutional
networks are advancing recognition technology.
In addition to whole-image classification,
convolutional neural networks are improving at
local tasks with structured output [1, 2, and 3].
Several researchers converted the existing
classification networks (AlexNet [1], GoogleLeNet
[3], and VGG net [2]) into fully convolutional
networks and then applied their newly acquired
representations to the segmentation issue by
fine-tuning [4]. The basic purpose of most
convolutional networks is to assign a single label
to the entire image. In order to analyse medical
images, pixel-level information cannot be
provided by these convolutional networks. In
response to such problems, a variety of strategies
and methods have been created. One such method

will be discussed in a work in [5] in 2015. The U-
net is a deep learning strategy frequently
employed in the field of medical imaging. A
serious hazard to global health is tuberculosis
(TB). The creation of computer-aided diagnostic
systems for tuberculosis detection has benefited
from the advent of fresh, very effective hardware
and software approaches (TB). Even with a
modest quantity of labelled training data, U-Net
has demonstrated such promise in segmenting
medical images that it has established itself as the
industry standard [6]. Skin lesions [8, 9], colon
histology [10], lung nodule [11], and other
biological pictures of neural structures have all
been successfully segmented using U-Net and U-
Net-like models [5, 7].

In order to analyse biological images, UNet, which
developed from the traditional convolutional
neural network, was developed in 2015.
However, in biological applications, we must not
only evaluate whether there is a disease but also
localise the region of abnormalities. The goal of
UNet is to fix this problem. It can localise and
identify borders by classifying every pixel,
resulting in an output that is the same size as the
input.
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In this analysis, we utilize a standard image
database for tuberculosis to compare the
performance and losses of four neural networks
used in biomedical image analysis: UNet [5],
UNet++ [12], MultiRestUnet [14], and Dual
Channel U Net [15].

2. Architecture of Neural Networks
2.1 U-Net

U-net is an image segmentation-focused neural
network architecture. [5][12] . This paper
investigated several U-net variations and their
various applications on a wide range of image
modalities. It also delineates the primary deep
learning methodologies and application areas for
each publication in this study. It was determined
that U-net-based architecture is genuinely new
and helpful in the interpretation of medical
images.

The U-Net architecture is U-shaped, as shown in
Figure 1, and consists of two blocks, the Encoder
and Decoder, followed by a final segmentation
output layer. Each step in the encoder block
consists of two 3x3 convolutional layers with
ReLu activation followed by a 2x2 max pooling
layer for down sampling. This procedure is
repeated four times. The decoder on the right side
consists of a 2x2 up sampling layer followed by an
up-convolution layer that halves the feature
filters. The output is concatenated with the
contracting path's corresponding output and two
3x3 convolution layers with ReLu as the
activation function.

Figure 1. U-Net architecture

The applications of the UNet experiment
demonstrate how the u-net may be utilized to
address three distinct segmentation issues:
wrapping error, rand error, and pixel error. [5]
The use of this architecture to 2D biological
images was quite successful. Network speed is

quick. A 512x512 image can be segmented in 2066

under a second with a contemporary GPU.
Accurate localization is made possible by the
expanding and contracting paths being
symmetric [12].

2.2 UNet++

U-net++ [12] is another effective U-net design
version that takes DenseNet as its source of
inspiration. It utilizes a complex network of skip
links as a transitional grid between the
contracting and growing paths [13]. As a result,
additional semantic information is transferred
between the two channels in order to aid the
network in segmenting photos more precisely.

In 2018, in [13] proposed a modified UNet
architecture that uses densely connected nested
decoder sub-networks to improve processing and
outperform UNet in medical image segmentation
applications. Figure 2 shows UNet++ architecture.

UNet++ architecture.

Figure 2

2.3 MultiResUNet

The MultiResUNet architecture, proposed in
2019, investigates the potential scopes of
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improvement to the original UNet architecture.
[14] In this architecture, the proposed MultiRes
block replaces the original UN-et's sequence of

ResBlock 1 [ ResBlock 9

ResPath 1

ResPath 2

two convolutional layers at each level
MultiResUNet improves significantly with
ResPath and Resblock as shown in Figure 3.

ResBlock 2 [ ResBlock 8
v
ResBlock3 _m:mmq ResBlock 7
ResBlock 4 -m}m@ ResBlock 6

Encoder

Decoder

ResBlock 5

Figure 3. (a) MultiResUNet architecture, (b) ResPath

2.4 Dual-Channel UNet(D-C Unet)

The DC UNet architecture offers a way to address the shortcomings of MultiResUNet architecture by
making improvements that are more effectively planned. Few additional spatial features are provided by
the residual connection, which could not be sufficient for some of the most difficult tasks. The potential of
the different-scale feature in medical image segmentation has already been demonstrated. Thus, in [15],
aseries of 3 x 3 convolutional layers were used to substitute the residual link in MultiRes blocks in order
to solve the issue of insufficient spatial information that is referred to as a Dual-Channel block as shown

in Figure 4.(a),(b)

BesPath 1

DC Block 1 |

v

| DCBlock 2 | ResPath 2
v
] DC Block 3 n: FesPans >

|
Yy

DC Block 4 ResPalh 4 > DC Block 6
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>I DC Block 9
DC Block 8

Figure 4. (a)Dual-Channel Unet architecture, (b)Dual-channel block

3 Methodology
3.1 Dataset

Montgomery County - Chest X-ray database from
kaggle is used for the segmentation task. The
national library of medicine and the department
of health and human services collaborated to
produce this standard picture database for
tuberculosis. The collection includes 138 chest X-
ray scans, including 58 tuberculosis patients and
80 healthy cases. There are 12 bits of grayscale in
the images, which are either 4020x4892 or
4892x4020 in size. [16, 17].

3.2 Pre-processing and Training

As the X-rays in the Montgomery dataset are
relatively large, we first downscale the images
from 4892x4890 to 256x256 in order to reduce
number of computations of training the model.
Direct resizing of these photographs could affect
the actual size proportion. To solve this problem,
the image is first placed in the middle of the
background image, which is 4892 x 4890, and
then it is scaled down to the final resolution of
256 x 256 pixels. The Montgomery dataset
contains only 138 X-rays, which is insufficient to
train the deep learning model adequately. As a
result, we employ data augmentation. Data
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augmentation is necessary to teach the network
the needed invariance and robustness properties
when there are only a limited number of sample
images. [18]

The training was carried out using the python3
programming language. All models were trained
on a Google colab Nvidia Tesla T4 Gpu with 16GB
VRAM. All models were trained for 19 epochs at
300 steps per epoch, with a dropout rate of 0.5,
the Adam optimizer, and binary cross entropy as
the loss functions. The number of trainable
parameters for U-Net, U-Net++, MultiRes-Unet,
and DC-Unet are compared in Table 1.

Table 1: Number of Parameters trained for each
Model

Model Parameters
U-Net 31,031,685
U-Net++ 9,041,601
MultiResUNet 7,237,982
DC-UNet 10,040,236
4 Results

As seen in Figure 5 and Table 2, throughout the
neural network training process, the MultiResU-
Net and DC net accuracy grow more quickly than
the U-Net and Unet++ accuracy. The most
accurate neural network is reached for each of the
four architectures before 20 epochs.

Table 2: Comparison of accuracy for each model

MultiResU-

Epochs U-net U-net++ Net DC-Unet
1 82.91% 82.78% 96.32% 96.81%
2 97.39% 93.04% 98.61% 98.75%
3 98.15% 94.82% 99.03% 99.10%
4 98.62% 96.05% 99.61% 99.18%
5 98.84% 97.52% 99.04% 99.03%
6 98.97% 98.01% 99.12% 98.74%
7 97.81% 98.18% 98.73% 99.08%
8 98.35% 98.34% 99.06% 99.09%
9 98.86% 98.46% 98.94% 98.94%
10 98.92% 98.47% 98.97% 98.97%
11 99.04% 98.56% 98.94% 98.57%
12 98.80% 98.67% 98.72% 98.57%
13 99.02% 98.57% 98.95% 98.87%
14 98.89% 98.69% 98.55% 98.56%
15 99.15% 98.75% 98.55% 98.82%
16 99.20% 98.79% 98.82% 98.98%
17 99.20% 98.78% 98.91% 99.00%
18 99.20% 98.60% 98.62% 98.49%
19 99.26% 98.81% 98.90% 99.98%
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A thorough comparison of the loss metrics on the validation dataset for the four neural networks is shown

in Figure 6 and Table 3.
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Figure 5: Comparison of accuracy for each model

Table 3: Comparison of loss for each model

MultiResU-

Epochs Unet Unet++ Net DC Unet
1 0.9635 1.0026 0.3772 0.3732
2 0.1753 0.6015 0.3146 0.3098
3 0.1396 0.4261 0.2797 0.2788
4 0.1132 0.3188 0.2591 0.2587
5 0.0945 0.2263 0.2480 0.2479
6 0.0805 0.1775 0.2403 0.2434
7 0.0991 0.1490 0.2401 0.2371
8 0.0777 0.1266 0.2356 0.2354
9 0.0607 0.1092 0.2351 0.2350
10 0.0545 0.1004 0.2333 0.2332
11 0.0474 0.0898 0.2335 0.2362
12 0.0508 0.0797 0.2334 0.2350
13 0.0417 0.081 0.2337 0.2342
14 0.0423 0.0737 0.2328 0.2331
15 0.0338 0.0678 0.2351 0.2328
16 0.0309 0.0639 0.2349 0.2336
17 0.0292 0.0618 0.2329 0.2324
18 0.0281 0.0681 0.2337 0.2345
19 0.0253 0.0612 0.2329 0.2346
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Figure 6: Comparison of loss for each model

The final accuracy and loss for all four models during training are summarized in Table 4 for the

training procedure.

Table 4:
Models Accuracy Loss
U-Net 99.26% 0.0253
U-Net++ 98.81% 0.0612
MultiResUNet 98.90% 0.2329
DC-UNet 99.98% 0.2346
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