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ARTICLE INFO ABSTRACT

In this paper, we propose a novel Particle Swarm Optimized (PSO) One-Dimensional Convolutional Neural
Network with Support Vector Machine (1-D CNN-SVM) architecture for real-time detection and classification of
diseases. The performance of the proposed architecture is validated with a novel hardware model for detecting
Chronic Kidney Disease (CKD) from saliva samples. For detecting CKD, the urea concentration in the saliva
sample is monitored by converting it into ammonia. The urea on hydrolysis in the presence of urease enzyme
produces ammonia. This ammonia is then measured using a semiconductor gas sensor. The sensor response is
given to the proposed architecture for feature extraction and classification. The performance of the architecture
is optimized by regulating the parameter values using a PSO algorithm. The proposed architecture outperforms
current conventional methods, as this approach is a combination of strong feature extraction and classification
techniques. Optimal features are extracted directly from the raw signal, aiming to reduce the computational time
and complexity. The proposed architecture has achieved an accuracy of 98.25%.
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1. Introduction

The main focus of this work is the use of CNN for real-time identi-
fication of diseases [1,2]. The SVM classifier is considered as one of the
strong classifiers in machine learning [3,4]. In this work, we have used
the CNN algorithm along with the SVM classifier for extracting and
classifying the features from the raw sensor signal. Different machine
learning approaches are available for data classification. Most of the
conventional machine learning approaches use separate techniques for
feature extraction and classification. The conventional techniques are
unsuitable for real-time applications as the computational time is high.
The CNN algorithm is different from conventional machine learning
algorithms as it avoids the need for a separate feature extraction op-
eration. In this paper, we have proposed a PSO-based CNN-SVM ar-
chitecture, which is a combination of a strong feature extraction and
classification technique. The PSO algorithm is introduced for opti-
mizing the SVM parameters to obtain better classification performance
[5,6].

The blood test is the most common method used for detecting dis-
eases. As extracting blood samples is an invasive technique, it is not
always considered as the best method. Nowadays, non-invasive disease
detection techniques are gaining popularity. Numerous sensors and
medical devices are already developed for detecting diseases like
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diabetes, cancer, etc., from breath, saliva, urine and other body fluids
[7-10]. Recent research results show that the saliva test has the po-
tential to replace the commonly used blood test for detecting CKD [11].
The commonly accepted biomarkers for detecting CKD are urea and
creatinine [12,13]. Recent studies conducted on salivary diagnosis re-
veal a positive correlation between urea and creatinine values in saliva
and serum [14]. The salivary test can thus be used as an effective re-
placement for the blood test. In this work, we have developed and used
a novel method for detecting CKD by monitoring the urea concentration
in saliva. Urea is produced during protein breakdown and is a waste
product which is disposed of through urine. As the kidneys do filtering
of urea, the amount of urea content in saliva will rise when they are not
working properly. Therefore, it is possible to analyze the functioning of
the kidneys by monitoring the urea levels in saliva. Various techniques
and devices are available for detecting the urea concentration in body
fluids. Most of these are laboratory diagnosis techniques based on
diacetyl monoxime or enzymatic methods. However, these methods use
massive and complex devices like chemical analyzers which are not
suitable for real-time applications. In our analysis, we have applied the
enzymatic method for converting urea in the saliva sample into am-
monia, and the ammonia gas thus produced is measured using an am-
monia gas sensor [15].

The rest of this paper is organized as follows. Section 2 describes the
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methodology of the work. In Section 3, results are presented along with
the performance evaluation. A relevant discussion based on the out-
come and importance of the study are delineated in Section 4. Finally,
the conclusion of the work is presented in Section 5.

2. Methodology

Two major operations involved in the machine learning techniques
are feature extraction and classification. Principal Component Analysis
(PCA), Singular Value Decomposition algorithm (SVD) and Linear
Discriminant Analysis (LDA) are some of the frequently used feature
extraction techniques [16,17]. The major classification algorithms are
Decision Tree (DT), K-Nearest Neighbor (KNN), Perceptron, Random
Forest and Support Vector Machine [18-20]. The computational time
and complexity are high in the traditional methods as they use separate
techniques for feature extraction and classification, and therefore they
cannot give better performance in real-time applications. In recent
times, the CNN algorithm has emerged as an important deep learning
technique. It provides better results compared to traditional algorithms
when dealing with real-time problems.

In the CNN architecture, feature extraction and feature classification
techniques are combined into a single model, thereby, eliminating the
need for a separate algorithm for feature extraction [21]. The Two-
Dimensional CNN (2-D CNN) architecture is used in numerous appli-
cations like computer vision, image recognition, video processing, text
classification, etc. [22,23]. The CNN architecture can be modified and
applied to 1-D input signals. However, only a few works are available in
the literature which explains the capabilities of the 1-D CNN archi-
tecture [24-26]. In the proposed architecture, the SVM classifier is in-
tegrated with a 1-D CNN algorithm. This classifier can provide im-
proved classification accuracy compared to other classifiers for both
linear and non-linear datasets.

2.1. Mathematical modeling of CNN-SVM architecture

The CNN architecture comprises an input layer, convolution and
pooling layers and a fully connected classification layer [27]. The
convolution layer is the most important part of the CNN architecture.
This layer consists of filters or kernels that extend to the whole input.
Every unit of this layer gets input from the preceding layer. Convolution
between each filter and input produces an input map. This is done by
shifting one function and taking the sum of dot products. The con-
volution of input and kernel is:

£,(n) = x(mkQ) + x(n — Dk(2) + ...+x(0)k (n) o)

n

fm)y = D) x( + Dk(m —j + 1)

j=—n

(2)

where x represents the input vector with length n, and k is the kernel
filter with length m.

Every convolution operation is followed by a pooling layer in the
CNN architecture [28]. The pooling layers are used for down-sampling
the signal. Max pooling and average pooling approaches are the com-
monly used pooling techniques. The average pooling operation is used
in our analysis as it considers all the input values. In this pooling op-
eration, the input signal will be divided into different pooling segments,
and the average value will be computed from each region. The average
value from each segment is obtained as:

1 n
Fi)y==>1
g €)
In our analysis, the input is a 1-D signal, and accordingly, a 1-D
filter is used for convolution. The operation of the 1-D CNN algorithm is
similar to conventional 2-D CNN. The steps involved in forward and
back-propagation for the 1-D CNN algorithm are derived from the 2-D

86

Computers in Biology and Medicine 108 (2019) 85-92

CNN algorithm. During forward propagation, the input for a feature
signal of layer ‘I’ is the convoluted output of previous feature signal in
(I-1) and the individual filter kernel. The expression for this is given in
equation (4), where each I consists of an m! feature signal. This can be
mathematically expressed as:

-1
m
yi=bl + z conv1D(wj j, s

4

where y,i is the k' feature signal input, b} is the bias of the k signal,

J=1

wy; is the kernel weight from j* feature signal at layer (I-1) to k" signal
on the [ layer, and s}‘l is the j™ feature signal output on layer (I-1). The
output of the k" signal is obtained by applying the activation function
to equation (4).

After the convolution and pooling process, a set of reduced features
are obtained. These extracted features are then classified for class
prediction. The conventional CNN architecture is incorporated with a
fully connected Multilayer Perceptron (MLP) layer with an activation
function, which performs the classification operation [29,30]. Every
neuron in each layer of the network is linked to the neurons in the next
layer. The MLP layer consists of input layers, one or more hidden layers
and output layers. The output is produced by a combination of
weighted inputs on which a sigmoid activation function is applied [31].
The sigmoid function with argument ‘t’ is:

_ 1
1+et

()

The Back-propagation and Gradient descent algorithms are used in
the conventional CNN algorithm with MLP for training [32]. A com-
bination of these two algorithms is chosen to adjust the weight of the
neurons by calculating the gradient of loss functions. The difference
between the estimated output and the actual output is reduced using
these techniques. Initially, the Mean Square Error (MSE) is high as the
weights and bias are selected randomly [33]. This error is reduced by
updating the bias and weights. For training the CNN algorithm, the
output error ‘E’ and its gradient have to be determined. If these are
known, then it is possible to estimate the weight during the learning
process, so that the error can be reduced.

5_E; = Aw,iJ
dwy (6)
OE _ OE Oy
dwij Oy, Ow, @)
From equation (4), above equation can be deduced as:
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For determining the gradient, % is calculated as:
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By finding the derivative of the activation function, % can be de-
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For propagating the error back to the previous layer, P is de-
termined as:
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From equation (4),
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Fig. 1. Architecture of the proposed 1-D CNN-SVM model with PSO.
6y,i . 2.2. PSO optimization in the proposed architecture
- = Wk
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Finally, the new weights are computed as:

Wi jnaw = Wi j + AW (13)
where 7 is the learning rate.

The MSE value is calculated as:
em= Y. (@—y) 14)

where g; is the actual output and y, is the estimated output.

The CNN algorithm extracts optimal features from the raw signal
but does not always give the best classification performance. Better
classification performance can be achieved for the CNN architecture by
adopting a powerful classifier like SVM [34]. In the proposed method,
the CNN architecture is developed by replacing the last layer with an
SVM classifier. The architecture of the proposed model is shown in
Fig. 1.

The main concept of the SVM classifier is to isolate the data by
defining a hyperplane with maximum margin. The data is labeled in the
classifier based on the conditions:

xw+b>0,¢=1 (15)

xw+b<0,¢=-1 (16)

where x represents the input feature vector, w represents the weight
vector, b is the bias and ¢; is the class label to which the input belongs.
The hyperplane is computed by reducing w, and this increases the
margin of separation. The optimization problem in the SVM classifier is:

mim’mizel [[w]?
2 a7

subject to ¢;(x;w + b) > 1 (18)

A Gaussian kernel is used in our architecture due to its inherent
advantages [35]. The samples are classified based on the decision
function:

F(x) = Z a;c;iK(x;, x) + b

i=1

19

where K(x;, x) represents the kernel function, and a represents the
Lagrange multiplier.

87

The architecture is optimized by implementing a PSO algorithm. We
have used this algorithm for tuning and selecting the regularization
parameter ‘C’ and the Gaussian kernel parameter ‘y’ [36,37]. The kernel
parameter is calculated using the following equation:

1

e

(20)
where o represents the kernel width.

The PSO algorithm is an evolutionary method based on the social
behavior of fish schooling or bird flocking. The steps involved in this
algorithm are explained in Algorithm 1. Each particle is characterized
by its position, velocity and fitness values. The position and velocity of

the i*" particle in the D-dimensional space are represented as:
21D

Z; = [zi1, Zizs ZiD)

Vi = [V, Vizs Vi) (22)

Algorithm 1. PSO Algorithm

Algorithm 1 PSO Algorithm
Steps:
: Initialize the particles.
: Initialize the current position of particle z,.
: Initialize the velocity of the particle vy,.
: Update the best position.
fori=1,2...n
if f(zp) < f(X;) then
Xi = Zp
end if
5: Update the global best position of the particle.
if f(X;) < f(Xgy) then
X, =X;
end if
end for
6: Update the velocity vf;'l of the particle.
7: Update the position of the particle zl.‘;rl.
8: Continue till the termination criterion is satisfied.
end

N

The individual position of the particle is tracked and updated with
respect to personal best position (X;) and global best position (X;). The
velocity and position are updated as:

1

vt = wuly + ein(xig — zig) + Czrz(xéd ) 23)
t+1 t t+1

Zid = Zia t Vid 24)
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where w represents the inertia factor, t is the number of iterations, c;
and c, are the positive constants for regulating the velocities and  and
r, are the uniformly distributed random variables in the range [0, 1].
The stopping criterion is the movement of the particle beyond the
specified boundaries of the search limit. This is achieved by prefixing
the particle position and by changing the search direction. This pre-
vents the particle from crossing the search space. The inertia factor is
chosen as 0.45, and the swarm size is set as 50. The values of ¢; and ¢,
are set as 1. The endpoints of the searching window of parameter C are
set as [0.01 and 1000]. Similarly, the searching range for v is set as
[0.001, 10] [6]. The fitness of each particle is determined after each
step to find the optimal value. The SVM classifier is retrained after

obtaining the optimized parameters.

2.3. Sample collection

The experimental study has been carried out by collecting samples
from 104 participants, which include 40 healthy individuals and 64
chronic kidney patients. The participants have been informed about the
purpose and importance of the study. Prior to the sample collection,
they have cleaned their mouth using distilled water to maintain oral
hygiene. 2ml of saliva has been collected using spitting method in a
sterile test tube with their consent. The sample collection and clinical
validation have been carried out at the Community Health Center and
the experimental testing and simulation at the Signal Processing
Laboratory. This research work has been performed by following the
principles of the Declaration of Helsinki.

2.4. Sensing unit

The hardware section of the proposed model consists of an ammonia
gas sensor, a gas sensing chamber and an Arduino Uno SMD R3 board.
Fig. 2 shows the snapshot of the experimental setup. The sensor ar-
rangement is mounted inside the gas chamber. An MQ 137 series gas
sensor, which is highly sensitive to ammonia gas, is used for the ana-
lysis. The sensitive layer of tin dioxide on the sensor is responsible for
ammonia detection. The schematic of the detection circuit with the
sensor is shown in Fig. 3. A load resistance of 47 KQ is used in the
circuit. The sensor circuit requires a circuit voltage for providing the
detection voltage to the sensor. It also requires a heater voltage for
providing the working temperature. Before the analysis, the sensor has
been tested to study its response for varying concentrations of ammonia
gas. When the urea component in saliva comes in contact with urease
enzyme, hydrolysis of urea takes place. During this process, the urea is

Fig. 2. Snapshot of the test setup and experimentation. The saliva sample is
dropped through the inlet valve of the gas chamber, which has an ammonia

sensor embedded in it. The sensor circuit is interfaced with the Arduino Uno

board.
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Fig. 3. Schematic of detection circuit with sensor.

converted into ammonia gas. This is based on the principle of the
conventional enzymatic method of urea detection [15]. For our ex-
perimentation, we have placed enough amount of urease enzyme re-
quired for this conversion process in a beaker below the inlet valve,
inside the gas chamber. The saliva sample is dropped into this beaker
using a microsyringe through the inlet valve. Depending on the am-
monia gas produced inside the chamber, the conductivity of the sensor
increases. This change in conductivity is converted into an analog
voltage. The output response of the sensor is obtained through the
Arduino Uno board. Fig. 4 shows the voltage response of the gas sensor

for a healthy subject's sample.

3. Results

As we have used a novel sensing technique, the sensor has been
tested for studying its response to varying concentrations of ammonia
gas. From the experimental study, it is observed that the maximum
voltage of the sensor response is in the range of 0.62-0.93 V for healthy
individuals, and the values are above 0.93V for kidney patients. This
separation in voltage range is due to the increase in urea concentration
in saliva of CKD patients. The ammonia concentration has been mea-
sured using an MQ 137 series sensor [38,39]. These values are used as
the reference levels for classifying healthy subjects and CKD patients.
The output of the sensory device is given to the learning algorithm for
analysis. The processes carried out in our proposed method are shown
in Fig. 5. For analysing the performance of the proposed PSO-optimized

Ammonia Sensor Response
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Fig. 4. Sensor response of a healthy subject.
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Fig. 5. Computational flow of the entire process.

1-D CNN-SVM architecture, we have implemented a conventional SVM
algorithm with handpicked features and a conventional 1-D CNN with
fully connected MLP layer and tested them with the same sensor re-
sponse. The simulation is done in Matlab 9.2 environment.

3.1. Performance evaluation of conventional SVM

Initially, the signals obtained from the sensor are processed through
the SVM classifier with handpicked features. The classifier is pro-
grammed to categorize the feature sets as ‘Healthy’ and ‘Abnormal’
samples. The Matlab function svmtrain is used to train the classifier. The
classifier is trained with 30% of the sample sets. After the training, the
samples are tested and classified using the function svmclassify. The
classification is done based on the decision function:

n
F(x) = Z aici(x;, x) + b
i=1 (25)
Two features are extracted from the sensor response for classifica-
tion. They are maximum output voltage and area under the response
curve. Fig. 6 shows the output of the SVM classifier. The classifier has
successfully classified the samples as ‘Healthy’ and ‘Abnormal’ with an
accuracy of 95.61%.

Classification of Healthy and Abnormal CKD Samples
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Fig. 6. Classification of samples using the SVM classifier with linear kernel.
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3.2. Performance evaluation of conventional 1-D CNN with MLP

For the comparison purpose, we have implemented a conventional
1-D CNN model with MLP. The raw signal from the ammonia sensor is
directly given to the CNN architecture. Initially, the input signals are
convoluted with the kernel function. We have used 1-D kernels with
different sizes for convolution in each layer. The kernel size is derived
through trial and error method [1]. As the dimensions of the convoluted
signal are large, it is reduced using the pooling operation. A sliding 1-D
window is used for dividing the feature maps into multiple segments,
and the mean value is extracted from each segment.

The down-sampled signals are given to the MLP layer for classifi-
cation. The number of neurons in the hidden layers are selected as 20
[21]. For reducing the classification error, the initial weights that are
chosen randomly are updated using an iterative method. The number of
iteration count is set as 1000 with a learning rate of 0.001. With each
iteration, the mean square error decreases. The performance of con-
ventional CNN architecture is evaluated using the Leave-One-Out va-
lidation process [40]. The MSE value has been reduced to 0.152 after
successive iterations as shown in Fig. 7. The conventional CNN algo-
rithm with MLP achieved an accuracy, specificity and sensitivity of
96.49%, 95.24% and 98.04% respectively.

3.3. Performance evaluation of the proposed architecture

In the MLP algorithm, the learning is based on minimizing the error.
The optimal values for the weights are obtained by reducing the error
function. In the proposed architecture, we have replaced the MLP layer
in the conventional CNN architecture with the SVM classifier. The in-
itial steps are the same as in conventional CNN, where the optimal
features are obtained by passing the signal through convolution and
pooling layers.

The proposed architecture is implemented with four convolution
and pooling layers. The dimension of the input signal is 1 X 1000. First,
the input is convoluted with a kernel. The convoluted signal is then
down-sampled using average pooling operation to reduce the dimen-
sions of the feature map. We have applied an average pooling of size
two to every feature map. Convolution and pooling operations are re-
peated to get the reduced feature map. After successive convolution and
pooling operations, the size of the feature set is reduced to 1 X 4. These
features are then given to the SVM classifier for classification and dis-
ease detection. As mentioned earlier, the SVM classifier separates the
data into different classes based on the hyperplane. In this work, we
have used the SVM classifier with a Gaussian kernel. The classification
function of the kernel is:
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F(x) = Z oc,-ciexpw +b
i=1 20 (26)
In the proposed architecture, optimal values of C and v are selected
using the PSO algorithm. This gives better classification accuracy than
using default parameter values. The classification is performed using
the SVM classifier, and the fitness function is determined for every
particle p; (i = 1, 2,..., n). The best position X; of the particle is updated
if the current position x; (i = 1, 2,..., n) has a lower value for the fitness
function. The global best position X, is chosen in swam, and the clas-
sifier is trained with X, mapped features. The SVM classifier is modeled
with the kernel parameter and cost function values at identical posi-
tions. The introduction of PSO improved the performance of the clas-
sifier by choosing the optimum values of the parameters.

3.4. Evaluation and comparison of performance parameters

The proposed architecture is trained and tested for various sensor
outputs. For validating the stability of the model, a ten-fold cross-va-
lidation process is carried out [41]. This is done by dividing the data
into ten subsamples. One of the subsamples is kept as the test sample,
and the remaining nine subsamples are used as the training set. This is
repeated for all the samples, and the performance parameters are cal-
culated for each iteration. Finally, the average value is taken to find the
overall performance of the system.

Apart from the proposed model, the same sensor output has been
analyzed using the conventional linear SVM algorithm and the con-
ventional CNN algorithm for performance evaluation and comparison.
The commonly used classification performance parameters are com-
puted for evaluation. The values obtained for different algorithms are
presented in Table 1. The proposed architecture has achieved an ac-
curacy of 98.25%. The values obtained for sensitivity and specificity are
98.04% and 98.41% respectively. The sensitivity is the proportion of
getting a positive test result when the disease is present, and the spe-
cificity is the proportion of getting a negative result when the disease is
not present. The precision of 0.984 for the proposed architecture spe-
cifies that 98.4% of participants who are diagnosed with CKD are in fact
affected by the disease. The False Positive Rate (FPR) is the proportion
of all normal cases that are classified as CKD, whereas the False Ne-
gative Rate (FNR) is the proportion of all CKD subjects that are classi-
fied as normal. The False Discovery Rate (FDR) is the number of normal
cases wrongly classified as CKD out of all the subjects classified as CKD.
The lower values of FPR, FNR and FDR obtained for the proposed ar-
chitecture indicate the effectiveness of the algorithm. The Negative
Predictive Value (NPV) is the proportion of all the normal cases that are
truly normal.

The F1 score and Matthews Correlation Coefficient (MCC) are dif-
ferent measures of accuracy. The F1 score is the weighted average of
precision and sensitivity. The MCC value gives a balanced measure as it
considers all the elements of the confusion matrix. It is considered as
one of the best measures as it describes the whole confusion matrix by a

Table 1

Performance evaluation of different techniques.
Performance Conventional SVM  CNN-MLP  Proposed
Parameters Architecture
Accuracy (%) 95.61 96.49 98.25
Sensitivity (%) 98.03 98.04 98.04
Specificity (%) 93.65 95.24 98.41
Precision 0.926 0.943 0.984
FPR 0.063 0.048 0.015
FNR 0.02 0.019 0.019
NPV 0.983 0.984 0.984
FDR 0.074 0.057 0.019
F1 Score 0.952 0.962 0.981
McCC 0.913 0.929 0.964
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Fig. 8. Comparison of computational time of different algorithms.

single value. F1 score and MCC are determined using the following
equations:

F1 score = #
2X Pr+ Np + Pr (27)
MCC = Pr X Ny — Pr X Np
\/(PT + Pp)(Pr + Np)(Nr + Pp)(Nr + Np) (28)

where Pr, Pr, Ny and Nr represent the True Positive, False Positive, True
Negative and False Negative values respectively.

The computational time taken by different algorithms for execution
is represented in Fig. 8. Overall simulation time is the total time taken
for feature extraction and classification. As the features are extracted
directly from the raw signals, the CNN-based model takes relatively less
time compared to the conventional SVM classifier. The time taken for
execution by the proposed algorithm is 0.9283s. This is relatively less
compared to the conventional SVM algorithm and CNN-MLP algorithm.

The Receiver Operating Characteristic (ROC) curve is plotted for the
proposed architecture to find the diagnostic ability of the analysis to
differentiate healthy and chronic kidney patients [42]. It is the sketch of
sensitivity across 1-specificity for numerous cutoff points of the test
values. The ROC plot of the analysis is shown in Fig. 9. From this plot,
the Area Under the Curve (AUC) is determined for checking the accu-
racy of the analysis. The AUC values achieved are 0.981 and 0.978 for
healthy and abnormal samples respectively.

3.5. Clinical validation

To validate the analysis results, clinical validation is conducted by
monitoring the Glomerular Filtration Rate (GFR) of the participants
[43]. The GFR value specifies the rate at which the kidney is filtering
waste products. For a healthy person, GFR will be more than 90 mL/
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E
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Fig. 9. ROC plot of the analysis.
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min. We have chosen this method as a measure for validation as it is one
of the most widely accepted methods to diagnose kidney disease. The
GFR value is determined based on the blood creatinine test, age, body
size and gender. This test is done with the aid of health professionals at
the Community Health Center. The test results are validated by a
clinician. The results obtained through the analysis and the clinical
evaluation results have a minimum difference with less than 2% of
deviation. This shows that the proposed method is more effective for
detecting CKD non-invasively.

4. Discussion

The conventional machine-learning approaches use separate tech-
niques for feature extraction and classification. For real-time analysis of
signals, these techniques are not appropriate as the computational time
and complexity are more. The CNN algorithm nullifies the need for a
separate algorithm for extracting features from the sensor response.
While we have a good number of contemporary research papers that
explain the capabilities of 2-D CNN, very few focus on 1-D CNN
[21,24,25,27,44]. An algorithm presented by Kiranyaz et al. [21] de-
monstrates the use of the 1-D CNN algorithm for analyzing real-time
ECG signals. In a recent work by Lekha et al. [24], a novel architecture
is proposed for real-time detection of diabetes using 1-D CNN. In this
paper, the authors have implemented the 1-D CNN architecture by
modifying the conventional CNN architecture. Ince et al. [25] have
used the 1-D CNN architecture for real-time fault detection in motors. In
addition, a study conducted by Zhang et al. [44] reports the use of CNN
for classification of physiological data. The above-mentioned works
suggest that the CNN architecture can be adapted and applied for 1-D
input signals.

In this work, we have developed an innovative 1-D CNN-SVM ar-
chitecture for real-time detection and classification of CKD. A novel
sensing model capable of detecting CKD from the saliva sample is de-
veloped for testing the proposed architecture. The latest researches in
medical testing are focused on developing non-invasive techniques as
they are gaining popularity. Urine, saliva, breath and sweat are the
most commonly used samples for non-invasive diagnosis. For detecting
CKD non-invasively, urine is the only used test sample. The salivary test
can be used as a reliable alternative to the urine test for non-invasive
CKD detection. The saliva-based diagnosis is advantageous as the
sample collection is hassle-free and cause less discomfort to patients.
Thus, it is acceptable to patients of all age groups as well as genders.

The urea is considered as one of the effective biomarkers for de-
tecting kidney disease. There are various methods available for de-
tecting urea concentration. In this work, the urea in the saliva sample is
converted into ammonia, which is detected by the developed sensor.
The breath-based analysis is also an option to detect CKD non-in-
vasively as it contains ammonia [38,39]. However, the level of am-
monia concentration is low in human breath, which makes the detec-
tion process difficult. It demands highly sensitive sensors to measure
the minute concentration of ammonia. This limitation makes breath-
based analysis more complex compared to saliva-based diagnosis.

We have used the SVM classifier along with the CNN architecture,
for classifying the extracted features and for making decisions. The
CNN-based models are found to perform better than the conventional
SVM algorithm. The performance of the conventional CNN architecture
has improved when MLP is substituted by the SVM classifier. This
finding is in agreement with the results published by Wu et al. [45].
They have reported that the CNN-SVM combined model improved the
classification accuracy, as it makes use of the advantages of both CNN
and SVM. In a work published by Lekha et al. [27], the authors have
developed an architecture by integrating the SVM classifier with con-
ventional CNN for addressing the shortcomings of MLP and improving
the overall performance. The CNN algorithm helps to improve the
performance by automatically extracting the discriminant features from
the signal. The SVM classifier has better generalization ability and can
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reduce the computational complexity. The observations of our study
and the previously published works show that the CNN-SVM combined
model can perform better in real-time applications.

The PSO algorithm is seen applied with the SVM classifier to opti-
mize the classifier performance in a few published works [5,46]. The
distinguishing factor in the proposed work is the introduction of PSO in
a 1-D CNN-SVM combined model. As per our knowledge, this is the first
case where a PSO-optimized CNN-SVM architecture is implemented for
analyzing 1-D signals. We have introduced the PSO algorithm to en-
hance the classifier performance. It automatically solves the model se-
lection by evaluating the optimal values of the kernel parameter and
regularization parameter. The PSO-based CNN-SVM architecture has
achieved the best performance compared to other techniques. Results
show that the use of the PSO algorithm improves the classification
accuracy. The computational time is also evaluated in this study. The
proposed architecture has taken a total computational time of 0.928s
for execution, which is less when compared to the conventional tech-
niques. In addition to evaluating the performance parameters, we have
evaluated the ROC plot to ascertain the diagnostic ability of the model.
We have achieved a high value for AUC, and this proves the effec-
tiveness of our algorithm.

5. Conclusion

In this work, we have proposed a novel 1-D CNN-SVM architecture
which is optimized using a PSO algorithm for real-time detection of
CKD non-invasively. The urea concentration in the saliva sample is
monitored to detect CKD. In this study, saliva has been chosen as the
diagnostic tool as the sample collection method is non-invasive, and the
technique is hassle-free. The proposed architecture has obtained max-
imum accuracy compared to conventional techniques. The addition of
the PSO algorithm in the architecture has further improved the classi-
fication accuracy. We have carried out experiments on the architecture
with the developed hardware model and clinically validated the results.
The raw signals obtained from the sensor have been successfully clas-
sified with an accuracy, specificity and sensitivity of 98.25%, 98.41%
and 98.04% respectively. The proposed architecture has outperformed
conventional techniques in terms of accuracy, computational speed and
other performance metrics. The proposed approach can be applied for
any real-time sensing application with the help of appropriate sensors.
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