International Journal of Innovative Technology and Exploring Engineering (IJITEE)
ISSN: 2278-3075, Volume-8 Issue-11, September 2019

Tree Copula Theory Based Fusion And
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Abstract— Activity detection based on likelihood ratio in the
presence of high dimensional multimodal data acts as a
challenging problem as the estimation of joint probability density
functions (pdfs) with intermodal dependence is tedious. The
existing method with above expectations fails due to poor
performance in the presence of strongly dependent data. This
paper proposes a Compressive Sensing Based Detection method
in the Multi-sensor signal using the deep learning method. The
proposed Tree copula- Grasshopper optimization based Deep
Convolutional Neural Network (TC-GO based DCNN) detection
method comprises of three main steps, such as compressive
sensing, fusion and detection. The signals are initially collected
from the sensors in order to subject them under tensor based
compressive sensing. The compressed signals are then fused
together using tree copula theory, and the parameters are
estimated with the Grasshopper optimization algorithm (GOA).
The activity detection is finally performed using DCNN, which is
trained with the Stochastic Gradient Descent (SGD) Optimizer.
The performance of the proposed method is evaluated based on
the evaluation metrics, such as probability of detection and
probability of false alarm. The highest probability of detection
and least probability of false alarm are obtained as 0.9083, and
0.0959, respectively using the proposed method that shows the
effectiveness of the proposed method in activity detection.
Keywords: Probability density functions, Tree copula theory,
Stochastic gradient descent, and Grasshopper optimization
algorithm

I. INTRODUCTION
Multimodal data indicates the multiple forms of a
phenomenon of interest (PoI) that is observed with the use
of different types of sensors or various acquisition methods
[2]. Fusion of multimodal data has achieved more attention
in various fields of application, including multi-media
analysis [13], biometric score fusion [12], footstep detection
[15], automatic target recognition [14]. A multi-source
signal can either be a single channel obtained from single
sensor or a multi-channel obtained from multi-sensors [8].
In case of multi-sensor recording, when the number of
sensors is greater than that of the number of sources termed
as overdetermined case, then the recovery of the original
signal can be done using the linear combination of obtained
mixed signals [8]. In order to model the complex
dependencies over multivariate data for the evaluation of
joint pdf, copula theory is used in [2-8]. Hence, the
advantages of using the copula theory for LR based
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detection in the presence of multi modal data requires more
computational price [5].
The ground-breaking theory of Compressed Sensing (CS)
was designed recently to enable the vector with correlated
entries [16]. Based on CS theory, as long as the signals are
sparse or compressible in a particular domain, they are
observed at a rate too lower than the Nyquist sampling
frequency, at the same time, the original signals are
reconstructed accurately based on construction algorithm
[17] [7]. Mostly used in the field of digital signal and image
processing, the CS acts as a promising tool for the
improvement of the performance of wireless networks [9].
The target space sparseness for most of the fields lends itself
to the emerging compressive sensing (CS) technology [17].
The basic feature of CS is the recovery of the sparse signal
from the fewer measurements even with the presence of
noise. For example, the usage of CS in case of ground
penetrating radar imaging allows the reconstruction of target
space with fewer frequencies that are sampled at random,
which considerably lowers the acquisition time [18][5]. CS
is a new signal front-end processing method that is
developed in the recent years. It overcomes the signal
bandwidth limits using the Shannon’s theoretical signal
recovery, and has the capability to complete the signal
acquisition at a sampling rate less than twice the signal
frequency [8]. This can reduce the computation needed for
WSNs to obtain the signals, with the preservation of storage
space and consumption of energy [10].
The major intension of this research is the development of
a Compressive Sensing Based Detection method in the
Multi-sensor signal using the deep learning technique. The
proposed detection method undergoes three major steps,
namely compressive sensing, fusion and detection. Initially,
the sensor signals are gathered from large number of sensors
and fed to the proposed technique. The first step in the
proposed scheme is the compressive sensing, where the
signals obtained from the sensors are compressed using the
tensor based compressive sensing. After this process, the
compressed signals are fused together with the use of the
tree copula theory, where the probabilistic estimation is
carried out using the GOA. Finally, the fused signals are
utilized in the detection of activity, which is performed
using the DCNN. The training of the DCNN is performed
using the SGD in order to estimate the optimal weights of
the DCNN, where the solution with minimum error value is
selected as the optimal solution.

4152

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

Tree Copula Theory Based Fusion And Compressive Sensing For Activity Detection using Multi-Modal
Data
II. PROPOSED METHODOLOGY
The main aim of this research is to develop a
Compressive Sensing Based Detection technique in Multisensor signal through deep learning scheme. The entire
process is carried out through three steps, such as
compressive sensing, fusion and detection. Initially, the
sensor signals are collected from wide range of sensors and
fed to the proposed technique. The initial stage in processing
is the compressive sensing, which is done by tensor based
compressive sensing [21]. After this stage, the compressed
signals are fused together using the tree copula theory,
where the probabilistic estimation is performed using the
GOA [22]. Then, the fused signals are used in the activity
detection process that is carried out using the DCNN, which
is trained with the use of SGD.
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Fig1. Architecture of the proposed activity detection
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Let us consider a S number of sensors possessing S
number of signals and are fed to compressive sensing. Let i
be the signal needed to be compressed on tensor basis,
which is fed to the individual tensor based compressive
sensing process. Each of the S number of signals are
compressed individually and fed to signal fusion process.
The S number of signals are fused together to form a single
signal using the tree copula theory.
The tensor based compression sensing concept [T-CS]
[21] is used to perform the compression of the signals
directly without any intermediate steps.
The compressed signals are subjected to get fused
together as a single signal using the tree copula theory in the
next step. The fusion of the signals obtained in compressed
form from the process of tensor based compressive sensing
is performed using the tree copula theory, where the
probabilistic estimation of the parameters is done with the
use of the GOA. The GOA is a nature-inspired algorithm
that works based on the characteristics of the insect called
grasshopper. The nature-inspired algorithms divide the
process of search as two phases, namely exploration and
exploitation. The search agents are motivated to move
abruptly in case of the exploration phase, whereas the search
agents move locally in case of the exploitation phase. The
target seeking in addition to these phases are performed
naturally by the grasshoppers, and can be used in the
development of the mathematical model of an algorithm.
The mathematical model can be expressed as,
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2.1 System Model
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represents the strength of the social forces,

oI is the unit
H b can
vector towards the centre of earth. The component
where,
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is the gravitational constant, and

be estimated as,
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where, P is the constant drift, and P is the unit vector
towards the wind direction. As the Nymph grasshopper does
not have any wings, the movement of them depends on the
direction of the wind. On substituting the values of C ,
and

D,

H in equation (1),
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However, this mathematical model is not capable of
solving the optimisation problems directly, mainly due to
the fact that the grasshoppers quickly obtain the comfort
zone and does not converge to a particular point. A modified
version of the above mathematical model is developed to
solve the optimisation problems and is expressed as,

(1)
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decreasing coefficient, and
is the best solution obtained
for the past long period of time. The parameters in the final
relation of the tree copula model are thus optimized using
the above equation. The fused signals are fed to the
proposed TC-GO based deep CNN in order to perform the
process of activity detection.
2.2 Activity recognition using the proposed TC-GO based
deep CNN
The deep CNN classifier classifies the compressed signal
and derived the classes, which include walking, dancing,
jogging, cycling, swimming and playing. For the effective
classification of the compressed signals, deep CNN
classifier is used and the weights-biases are determined
using the SGD optimizer.
Deep CNN performs a major role in the analysis of the
compressed signals for better classification results. In deep
CNN, a patch of neurons are connected to the individual
neuron present in the next layer. The architecture of deep
CNN consists of three layers, namely pooling (POOL)
layers, convolutional (conv) layers, and a Fully Connected
(FC) layer. The layers in the deep CNN carry out specific
functions, such as development of feature maps in the conv
layers, sub-sampling of the feature maps in POOL layers,
and finally the classification in FC layer. With more number
of conv layers, the classification accuracy can be improved.
III. RESULTS AND DISCUSSION
The results and discussion of the proposed TC-GO based
DCNN classifier are discussed in this section. The results of
the TC-GO based DCNN classifier when compared with the
existing conventional classifiers in terms of probability of
detection and probability of false alarm with respect to
various training percentages and K-values are presented.
3.1 Experimental setup and Dataset description
The proposed TC-GO based DCNN classifier is
implemented in MATLAB that is operated in PC with the
Windows 8 OS, and the simulation is performed with the
use of various number of nodes. Goat database [20] is a
labeled dataset, where the motion data were gathered from
six sensor nodes fixed at different orientations to a collar
over the goat’s neck. These six sensor nodes, with various
orientations, record the number of activities done by the
goat in simultaneous manner. In this paper, activities of five
different goats were recorded on two farms in Netherlands
in the presence of 3-axis accelerometer, gyroscope, highimpact accelerometer, and magnetometer with the sampling
frequency of100 Hz.
The evaluation metrics, namely probability of detection
and the probability of false alarm shows the effectiveness of
the proposed TC-GO based DCNN classifier.
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3.2 Results of the simulation
Various existing conventional methods, such as Neural
Network (NN), Deep Belief Neural Network (DBN), and the
Recurrent Neural network (RNN) are compared with the
proposed TC-GO based DCNN classifier in order to convey
the effectiveness of the proposed method in terms of the
evaluation metrics, namely probability of detection and the
probability of false alarm rate.
Comparative analysis of the methods in the presence of
50 nodes:
The comparative analysis of the methods involved in
activity detection in the presence of 50 nodes is depicted in
figure 5. Figure 5.a shows the probability of detection rate
with the variation in k-value for the comparative methods.
When the k-value is 70, the probability of detection for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.8804, 0.8648, 0.7947, and 0.8139, respectively.
When the k-value is 100, the probability of detection for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.9076, 0.8899, 0.8192, and 0.8374, respectively.
Figure 5.b shows the probability of detection rate with the
variation in k-value for the comparative methods. When the
training percentage is 70, the probability of detection for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.866, 0.8528, 0.7908, and 0.8323, respectively.
With the increase in k-value and training percentage, the
probability of detection increases. When the training
percentage is 90, the probability of detection for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.8717, 0.8586, 0.7999, and 0.8427, respectively.
With the increase in k-value and training percentage, the
probability of detection increases.
Figure 5.c shows the probability of false alarm rate with
the variation in k-value for the comparative methods. When
the k-value is 70, the probability of false alarm for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.0993, 0.1084, 0.1263, and 0.1222, respectively.
When the k-value is 100, the probability of detection for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.0958, 0.105, 0.1228, and 0.1184, respectively.
Figure 5.b shows the probability of detection rate with the
variation in k-value for the comparative methods. Figure 5.d
shows the probability of false alarm rate with the variation
in k-value for the comparative methods. When the training
percentage is 70, the probability of false alarm for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.0999, 0.1094, 0.1257, and 0.1153, respectively.
When the training percentage is 90, the probability of
detection for the methods, such as TC-GO based DCNN,
NN, DBN, and RNN is 0.0984, 0.1084, 0.1242, and 0.1133,
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respectively. With the increase in k-value and training

percentage, the probability of false alarm decreases.
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Figure 5. Comparative results of the experiment in the presence of 50 nodes a) probability of detection in terms of
k-value, b) probability of detection in terms of training percentage, c) probability of false alarm rate in terms of kvalue, d) probability of false alarm rate in terms of training percentage.
4.5.2 Comparative analysis of the methods in the
presence of 100 nodes
The comparative analysis of the methods involved in
activity detection in the presence of 100 nodes is depicted in
figure 6. Figure 6.a shows the probability of detection rate
with the variation in k-value for the comparative methods.
When the k-value is 70, the probability of detection for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.8801, 0.8611, 0.7747, and 0.7808, respectively.
When the k-value is 100, the probability of detection for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.9083, 0.8864, 0.7981, and 0.8039, respectively.
Figure 6.b shows the probability of detection rate with the
variation in k-value for the comparative methods. When the
training percentage is 70, the probability of detection for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.8662, 0.8528, 0.7714, and 0.8584, respectively.
When the training percentage is 90, the probability of
detection for the methods, such as TC-GO based DCNN,
NN, DBN, and RNN is 0.8717, 0.8596, 0.787, and 0.8631,
respectively. With the increase in k-value and training
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percentage, the probability of detection increases.
Figure 6.c shows the probability of false alarm rate with
the variation in k-value for the comparative methods. When
the k-value is 70, the probability of false alarm for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.0997, 0.1075, 0.132, and 0.1298, respectively.
When the k-value is 100, the probability of detection for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.0959, 0.1042, 0.1276, and 0.1257, respectively.
Figure 5.b shows the probability of detection rate with the
variation in k-value for the comparative methods. Figure 6.d
shows the probability of false alarm rate with the variation
in k-value for the comparative methods. When the training
percentage is 70, the probability of false alarm for the
methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.1, 0.1071, 0.1319, and 0.1072, respectively. When
the training percentage is 90, the probability of detection for
the methods, such as TC-GO based DCNN, NN, DBN, and
RNN is 0.0986, 0.1057, 0.1281, and 0.1058, respectively.
With the increase in k-value and training percentage, the
probability of false alarm decreases.
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Figure 5. Comparative results of the experiment in the presence of 100 nodes a) probability of detection in terms of
k-value, b) probability of detection in terms of training percentage, c) probability of false alarm rate in terms of kvalue, d) probability of false alarm rate in terms of training percentage.
4.5.3 Comparative analysis using ROC curve
Figure 6. depicts the performance of the existing methods
against the proposed TC-GO based DCNN classifier based
on ROC curve. Figure 6.a shows the results in the presence
of 50 nodes. When the FPR is 0.33, the corresponding TPR
for TC-GO based DCNN, NN, DBN, and RNN is 0.728,
0.7166, 0.6638, and 0.7, respectively. For the FPR 0.833,
the TPR for the methods, such as DBN, FDBN, NN, k-NN,
NB, and the Taylor-DBN is 0.8487, 0.836, 0.7788, and
0.8205, respectively. Figure 6.b shows the results in the
presence of 00 nodes. When the FPR is 0.33, the
corresponding TPR for TC-GO based DCNN, NN, DBN,
and RNN is 0.7276, 0.7165, 0.6444, and 0.7222,
respectively. For the FPR 0.833, the TPR for the methods,
such as DBN, FDBN, NN, k-NN, NB, and the Taylor-DBN
is 0.8487, 0.837, 0.7662, and 0.8404, respectively. Thus, the
proposed TC-GO based DCNN classifier provides high TPR
value as compared to the existing methods for the minimum
error of 0.166.
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Figure 6. Comparative results of the experiment in
terms of ROC curve a) in the presence of 50 nodes, b) in
the presence of 100 nodes
IV. COMPARATIVE DISCUSSION
Table 1 tabulates the comparative methods involved in
the activity detection in terms of the metrics, namely
probability of detection and probability of false alarm. When
the number of nodes is 50, the probability of detection for
the methods, such as NN, DBN, RNN, and the proposed
TC-GO based DCNN in terms of k-fold is 0.8899, 0.8192,
0.8374, and 0.9076, respectively, and the probability of false
alarm for the methods, such as NN, DBN, RNN, and the
proposed TC-GO based DCNN in terms of k-fold is 0.105,
0.1228, 0.1184, and 0.0958, respectively.
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When the number of nodes is 50, the probability of
detection for the methods, such as NN, DBN, RNN, and the
proposed TC-GO based DCNN in terms percentage is
0.8586, 0.7999, 0.8427, and 0.8717, respectively, and the
probability of false alarm for the methods, such as NN,
DBN, RNN, and the proposed TC-GO based DCNN in
terms of percentage is 0.1084, 0.1242, 0.1133, and 0.0984,
respectively. When the number of nodes is 100, the
probability of detection for the methods, such as NN, DBN,
RNN, and the proposed TC-GO based DCNN in terms of kfold is 0.8864, 0.7981, 0.8039, and 0.9083, respectively, and
the probability of false alarm for the methods, such as NN,
DBN, RNN, and the proposed TC-GO based DCNN in
terms of k-fold is 0.1042, 0.1276, 0.1257, and 0.0959,
respectively. When the number of nodes is 50, the
probability of detection for the methods, such as NN, DBN,
RNN, and the proposed TC-GO based DCNN in terms
percentage is 0.8596, 0.787, 0.8631, and 0.8717,
respectively, and the probability of false alarm for the
methods, such as NN, DBN, RNN, and the proposed TC-GO
based DCNN in terms of percentage is 0.1057, 0.1281,
0.1058, and 0.0986, respectively.
Table 1: Comparative discussion of the methods
involved in activity detection

0.9083, and 0.0959, respectively are obtained using the
proposed method that shows the superiority of the proposed
method in activity detection. Experiments with more
number of real datasets will be considered as the future
work
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