Innovative Computing and Communication: An International Journal

Vol.1, Issue 1, July 2019

Optimizing Machine Learning Models using
Multiobjective Grasshopper Optimization
Algorithm
Ashish Sharma1, Deepak Gupta2, Nimish Verma3, Mayank Sehgal4, Nitesh5
Maharaja Agrasen Institute of Technology, Delhi
ashiss@mait.ac.in1, ,deepakgupta@mait.ac.in2, nimishverma@ymail.com3,
mayank0611sehgal@gmail.com4, khandelwalnitesh23@gmail.com5

Abstract— Multi Objective Grasshopper Optimization
Algorithm is a re- cent meta-heuristic swarm intelligence
algorithm developed by Mirjalili at. El. It is inspired from the
movement of grasshopper swarms in nature. It can be applied in
numerous domains due to its impressive characteristics like easy
to use, scalable, flexible and better performance than classic
methods in real problems. In the paper, MOGOA, which is a
population based method has been used for feature selection.
First, MOGOA has been used for feature extraction from six
different datasets to form feature subsets from each dataset. Then
three machine learning models - KNN, Logistic Regression and
Random Forest have been implemented to predict the results
before and after feature selection. Finally accuracy of results is
obtained and comparison of results is performed. In the first
section of this paper, theoretical foundation of multi-objective
problems, feature selection and evolutionary algorithms is
introduced. In second section, MOGOA ,its implementation and
the three machine learning models are explained. Finally the
accuracy results of the 6 different datasets implementing MOGOA
along with the machine learning models has been reviewed and
summarized. The paper is ended by mentioning the conclusion of
the MOGOA application in the feature selection domain.
Index Terms—Grasshopper Optimization, Feature Selection,
Evolutionary Algorithm, Machine Learning

I. INTRODUCTION
Different machine learning models often implement the
dataset with irrelevant input features that are of no use in the
final prediction of result [1]. These type of datasets with a
plethora of features increase the training and testing time of
the ML algorithm [2]. To solve this dimensional reduction,
feature selection is performed to obtain a minimal subset of
relevant features. Compactness is achieved by having low
redundancy within the selected features of the data [3]. Recent
reviews (from 2000 to 2014) on feature selection using
multi-objective evolutionary algorithm (MOEA) has been
presented in references [4] and [5]. For classification
problems feature selection [6] helps in minimizing
computational cost, over-fitting, comprehensibility and
improving classification accuracy [7,8]. Feature selection is a
NP-hard problem, for k-dimensional feature vector it finds
2^k subsets of features. Therefore, to extract sub-optimal
feature subsets, numerous meta-heuristic algorithms [9] have
been used with great global search ability. The common
problems encountered in these meta-heuristics are high
computational cost and stagnation in local optima. Genetic
algorithms used in few recent works for solving the problem
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of feature selection modified binary bat algorithm [10] [11],
optimized cuttlefish algorithm [12] and modified crow search
algorithm [13] [14]. In 2017, Seyedali Mirjalili et al. [15]
proposed Grasshopper Optimization Algorithm (GOA), a
swarm intelligence optimization algorithm mimicking the
interaction of grasshoppers. This algorithm solves the
problem of stagnation in local optima. But in order to solve
the feature selection problem task GOA is needed to be
modified. With the help of experiments performed with
multiple transfer function, S. Mirjalili [16] concluded that the
performance of the v-shape family of transfer functions is
better than the s-shape family of transfer functions. It has also
helped in developing binary variants to other meta- heuristics
such as artificial bee cuckoo search algorithm [17], colony
algorithm [18], firefly algorithm [19], etc. To solve the
problem of feature selection, we need a multi-objective
framework. In order to have a pareto front of non-dominated
solutions, multi-objective GOA [20] had been proposed.
Multi-objectivity is one of the challenging characteristic of
real world problems. When there are more than one objective
to be optimized then it is called a multi-objective problem. In
the initial years, multiple mono-objective optimization
algorithms were converted to multi-objective techniques.
An evolutionary algorithm comes under evolutionary
computation and focuses on random sampling. It implements
two crucial techniques exploration and exploitation [21]. In
this all the possible solutions behave as the individuals in a
population, and the quality of the solutions is determined by
the fitness function. The population eventually evolve by
repeating the above operators multiple time and the global
best solution is obtained. Inspired from the above ideas we
have come up with an application of MOGOA in the domain
of feature selection. We have applied this algorithm along
with other machine learning models on 5 different datasets of
different fields and obtained an average accuracy of 72.072%,
77.856% and 77.908% with KNN, logistic regression and
random forest respectively, against 73.64%, 75.63% and
70.796% without feature selection. The paper highlights how
multi-objective
grasshopper
optimization
algorithm
(MOGOA) is used as a population based technique to perform
feature selection among the various relevant and irrelevant
features of the problem set to filter out only the relevant
features. Then three different classifiers have been used to
evaluate the quality of selected features:
(i) k-nearest neighbors(k-NN),
(ii) Random Forest
(iii) Logistic Regression.
In the following Section 2, introduction to MOGOA, its
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implementation for the purpose of feature selection, datasets
description and the machine learning models have been
presented; Section 3 discusses the results; Section 4 throws
light on the accuracy comparison followed by the conclusion.
II. METHODOLOGY
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Upper bound
Lower bound
cMin
cMax

1
0
0.00004
1

Table 1. Input Parameters

A. MOGOA
In 2017, S. Mirjalili developed a population based
meta-heuristic algorithm called Multi-objective grasshopper
optimization algorithm (MOGOA). In this, the grasshoppers
denote the solutions in the search space and their position is
determined by three forces mainly the social interaction force
among the grasshop- pers, the gravitational force and the wind
advection on the grasshoppers. Based on the grasshoppers
position the position of grasshopper is shown by equation (1)

(1)
Steps for finding the best global solution are as follows:
1. The algorithm is initiated by initialising the archive and
setting the initial values of the parameters like max and min
decreasing coefficient parameter (cmax, cmin), attraction
intensity (l), attractive length scale (f) and max number of
iterations (maxitr).
2. The grasshoppers are initialized randomly and the global
best solution is assigned after evaluating each solution in the
population with the help of objective function.
3. For every iteration, the decreasing coefficient parameter
(c) is updated in order to shrink the comfort, repulsion and
attraction zones.
4. The solutions are updated depending on the distance
between it and the other solutions, the decreasing coefficient
parameter, and the global best solution in the population (Td)
as shown in fig 1.
5. The previous steps are repeated and the best global
solution obtained for every iteration. In a mono-objective
problem, the target can be easily chosen as the best global
solution obtained so for but in multi-objective solutions the
target is picked from Pareto optimal solutions which are
added to the archive. The quality of distribution of solution in
the archive depends upon the target value chosen. The target
is chosen from the archive based on the roulette wheel and the
probability of choosing the archive which is given by the
inverse of the no. of solutions near the solution under
consideration. This improves the distribution of solutions in
the search space.

Experimental Setup CPU configuration used to test the
algorithm is Intel Core TM i3-5005U CPU @ 2.00GHz 4 with
8 Gb of memory on Ubuntu 16.04 LTS platform. The
algorithm is tested and implemented using Python 3.6 and its
related libraries such as SkLearn, Pandas, Numpy and
Matplotlib.
Input parameters Table 1 comprises of all the parameters
initialized at the beginning of the MOGOA algorithm.
Datasets MOGOA is applied to 6 different datasets for
feature selection. Following are the datasets discussed in
detail.
1) Glass Identification Dataset
This Dataset includes 10 features and 214 rows (data
points). The goal is to determine if Glass is a ’float’ type or
not. To achieve the purpose the nearest neighbour algorithm,
discriminant analysis and an algorithm (BEAGEL) is
compared.
2) Wisconsin Diagnosis Breast Cancer (WDBC)
This dataset includes 32 features and 569 instances. The
features of this dataset shows the properties of cell nuclei
which is present in image of FNA (fine needle aspirate) of a
breast mass.
3) Parkinsons Disease Detection Dataset (PDD)
This dataset includes 23 features and 197 instances. The goal
is to find people suffering from Parkinson’s disease. Those
who are not suffering are labelled as healthy people. This is
done on the basis of range of bio-medical voice
measurements. Those measurements are taken from 31 people
of which 23 have PD.
4) Statlog(heart)
This dataset includes 13 features and 270 instances. The goal
is to predict if heart disease is present or not. Presence of
disease is labelled with ’2’ and absence of disease is labelled
with ’1’. Features represent age, sex, types of chest pain B
P(blood pressure) etc.
5) Lung Cancer
This dataset includes 56 features and 32 instances (with some
missing values). The goal is to classify 3 kind of pathological
lung cancer.
This is a multivariate dataset with 16 integer-valued
features and 20,000 instances. The aim of this dataset is to
identify the alphabets in the English language from the BW
images. The images have 20 different fonts.

B. Implementation of the algorithm
In this section, the experimental setup, input parameters and
the datasets description have been presented.
Parameter
Value
No. of Grasshopper
80
No. of Iterations
20
Neural Network iterations
50
Size of archive
50
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Dataset
PDD
Glass
Statlog
Lung Cancer

KNN(B)
0.7966
0.7384
0.76
0.5

KNN(A)
0.7966
0.7384
0.75
0.4

RF(B)
0.9491
0.5534
0.69
0.4

RF(A)
0.9322
0.67
0.74
0.6

LR(B)
0.8983
0.6461
0.79
0.5

LR(A)
0.9152
0.6461
0.79
0.6

Features(A/B)
13/22
5/9
11/13
17/56

WDBC

0.9473

0.9356

0.9473
0.9532
Table 3. Results

0.9415

0.9415

14/30

C. Implementation
The Multi-objective Grasshopper Optimization Algorithm
(MOGOA) has been applied on the 6 different Datasets to
perform feature selection among the various relevant and
irrelevant features of the problem set to filter out only the
relevant features. The input to the algorithm is the datasets
with multiple features/attributes that require normalization
and preprocessing before applying to the algorithm. Using
MOGOA, a subset of feature was obtained for each dataset.
The corresponding subset of the dataset was then trained and
tested on 3 different machine learning models- Logistic
Regression, Random Forest and K-Nearest Neighbors. In the
next step, the accuracy was compared for an individual
dataset among the 3 different machine learning models before
and after the feature selection is performed. The ratio of
training to testing data considered in our implementation is
7:3 respectively.
D. Machine Learning Models
In our implementation, 3 classic Machine Learning models
are used. Namely - KNN, Random Forest and Logistic
Regression. KNN is a supervised classification algorithm.
The distance between two records is taken in an Euclidean
space. The next model we have used is Random Forest, which
is another supervised algorithm. It is based on classification
using a multitude of decision trees used during the training
time. It is an advancement of decision trees where the
overfitting occurs during training time. The last model we
used is the Logistic Regression model which is a categorical
technique based on Regression. It is a widely used statistical
model that is used to describe a binary dependent variable
using a logistic function. Table 2 lists the parameters used in
these models.
Model

Parameters

K NN

No. of Neighbours = 5

III. RESULTS AND DISCUSSION
This section focuses on the results generated when the
Multiobjective Grasshopper Optimization Algorithm along
with different machine learning models have been applied to 5
different datasets. The accuracy (True Positive + True Negative/Total number of testing samples) results by KNN,
Random Forest and Logistic Regression before and after
feature selection of the dataset has been compared.
’A’ denotes the accuracy after feature selection and ’B’
denotes accuracy before feature selection for each model in
Table 3.
A. Comparison
MOGOA along with KNN, random forest and logistic
regression were applied on same datasets namely PDD, Glass
Identification, Letter Recognition, Statlog, Lung Cancer,
WDBC and their accuracy was measured and analysed, as
shown in Fig. 2. KNN, logistic regression and random forest
showed an average accuracy of 72.072%, 77.856% and
77.908% respectively. The performance comparison depicts
that feature selection using MOGWO along with Random
Forest outperforms KNN and Logistic Regression models.
Percentage of feature selected is shown in Fig 1

Random Forest

Number of estimators = 10,
min samples split = 2
Logistic Regression Penalty = 12, Intercept
scaling = 1
Table 2. Configuration of algorithms adopted
Fig.1 Percentage of Feature Selected
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IV. CONCLUSION
In this work, a bio-inspired multi-objective optimization
algorithm for feature selection named multi-objective
grasshopper optimization algorithm along with three machine
learning models namely KNN, random forest and logistic
regression has been proposed to get a subset of features by
rejecting all the irrelevant features of a dataset and measure
comparative accuracy results without compromising the
performances of the model. The algorithm and datasets
description is given in Section 2. The algorithm along with
Random Forest has selected reduced set of relevant features
with higher accuracy of 77.9% as compared to the average
accuracy of 72% and 77.8% of other machine learning models
such as KNN and logistic regression respectively. The results
imply that the MOGOA algorithm along with Random Forest
outperforms the other two models. Research practitioners can
implement this algorithm along with Random Forest to
perform feature selection among the various relevant and
irrelevant features of the problem set to filter out only the
relevant features.
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