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ABSTRACT

PREDICTION OF UNDERWATER SURFACE OF ROCKS AND MINES
THROUGH SONAR

SONAR, Sound Navigation and ranging used to detect object or
obstacles underwater and it is also used to determine the depth of water.
In Modern days the discovery of rocks and mines have been very
difficult in the past development of SONAR technique, which depends on
the parameters to detect the obstacle on the underwater surface is a

rock or mine.

SONAR dataset involves the prediction of whether or not an object
IS a mine or a rock given the strength of sonar returns different angle.
Through Machine learning the predictive analysis out of the target
whether rock or mine or the object which will not cause any damage.
attempts are done highly on SONAR dataset and achieve accuracy of
approximately 88%. There are 208 observation with 60 variables and 1

output variable.

Machine Learning is performing major role in improving the quality

of detection of underwater resource will tend to be far better in future.
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1.INTRODUCTION

Sonar is a modern technology which helps us to track submarines, fish, ship
wrecks, map the seabed and for other navigational purposes. The for main factors
that affect the performance of a sonar system are a high-power transmitter, an
efficient transducer, a sensitive receiver and an acoustic communication system.
There is a lot to explore under the deep waters (seas and oceans), rocks and mines
are two of those crucial natural resources, and this would have been very difficult to
find these resources past development of the SONAR technique, which is an
acronym for Sound Navigation And Ranging, and is used to measure the depth of
the sea or the ocean or the distance in the water. In the similar way these sound in
the probe, after the pre-processing of the input, different machines learning
classifiers are trained to check the achievement of classification. The conduct for the
finest classifier included comparison with some standard up-to-date classifiers like
Random Forest, SVM, C4.5, Adabag etc. Although the present day sonar systems
have only a limited number of features such as a 2-dimensional screen and a view of
less than 360 degrees of the surrounding, we are most likely to see better sonar
systems with a 3-dimensional screen, attached to new computer systems along with

360 degree view of the surrounding in the near future.

Sonar Navigation and Ranging A sensor that is used to detect objects through
the use of high or low frequency sound waves. Although some animals (dolphins and
bats) have used sound for communication and object detection for millions of years,
use by humans in the water is initially recorded. The use of sound of ‘echo locate’
underwater in the same way as bats use sound for aerial navigation seems to have
been prompted. Advantageous results are achieved, when we compare the
performance of the classifiers in the framework like standard classifiers like SVM,
random forest, adabag, neural networks, etc., using various evaluating metrics like
accuracy, area under curve, sensitivity, specificity etc. waves can be used to make
predictions for the underwater surfaces, mines and rocks. After the pre-processing of
the input, different machine learning classifiers are trained to check the achievement
of classification. The conduct for the finest classifier included comparison with some

standard up-to-date classifiers like Random forest, etc.,
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1.1 OBJECTIVE

The task is to train a network to discriminate between sonar signals bounced
off a metal cylinder and those bounced off a roughly cylindrical rock. The data set
was contributed to the benchmark collection by terry Sejnowski, now at the Salk
Institute and the University of California at San Deigo.

1. To compare between Logistic Regression and K-nearest neighbours
performance

2. To assess the models by a binary classification metric, i.e. confusion matrix.
3. To interpretate the model (only for Logistic Regression)

4. To test the model using dataset test and discuss the results

1.2 PROPOSED APPROACH

The Sonar Dataset involves the prediction of whether or not an object is a
mine or a rock given the strength of sonar returns at different angles. It is a binary (2-
class) classification problem. The number of observations for each class is not
balanced. There are 208 observations with 60 input variables and 1 output variable.

The variable names are as follows:

1. Sonar returns at different angles

2.

3. Class (M for mine and R for rock)

The baseline performance of predicting the most prevalent class is a classification
accuracy of approximately 53%. Top results achieve a classification accuracy

of approximately 88%.

This is a dataset that describes sonar chirp returns bouncing off different services.
The 60 input variables are the strength of the returns at different angles. It is a binary
classification problem that requires a model to differentiate rocks from metal
cylinders. you may find the csv file in the repository of the project. The main concern
of analysis in the field of machine learning is being to form a scheduled
computational machine for the categorizing the forecast of the objects, based on the
attainable information. The outcome of proposed framework helps to predict the
triggered
sound waves reflect back from what surface: Rock or a Mine.

13



2.LITERATURE SURVEY

Sonar (sound navigation ranging) is a technique that uses sound propagation
(usually underwater, as in submarine navigation) to navigate, communicate with or
detect objects on or under the surface of the water, such as other vessels. This data
set can be used in a number of different ways to test learning speed, quality of
ultimate learning, ability to generalize, or combinations of these factors. Gorman and
Sejnowski report two series of experiments: an “aspect-angle independent” series, in
which the whole data set is used without controlling for aspect angle, and an “aspect-
angle dependent” series in which the training and testing sets were carefully
controlled to ensure that each set contained cases from each aspect angle in

appropriate proportions.

For the aspect-angle independent experiments the combined set of 208 cases
is divided randomly into 13 disjoint sets with 16 cases in each. For each experiment,
12 of these sets are used as training data, while the 13th is reserved for testing. The
experiment is repeated 13 times so that every case appears once as part of a test
set. The reported performance is an average over the entire set of 13 different test

sets, each run 10 times.

It was observed that this random division of the sample set led to rather
uneven performance. A few of the splits gave poor results, presumably because the
test set contains some samples from aspect angles that are under-represented in the
corresponding training set. This motivated Gorman and Sejnowski to devise a
different set of experiments in which an attempt was made to balance the training
and test sets so that each would have a representative number of samples from all
aspect angles. Since detailed aspect angle information was not present in the data
base of samples, the 208 samples were first divided into clusters, using a 60-
dimensional Euclidian metric; each of these clusters was then divided between the

104-member training set and the 104-member test set.

The actual training and testing samples used for the “aspect angle dependent”
experiments are marked in the data files. The reported performance is an average

over 10 runs with this single division of the data set.
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2.1 PROCESSING METHODS

The process and methods used for proposing the prediction model is

discussed in this section.

2.1.1 DATASET: In our proposed method dataset has been collected from
UCI Repository. It has come across 61 features which define and differentiate Rocks

and Mines and comprises of 209 samples.

2.1.2 EXPERIMENTAL SETTING: In building of this system we are using
WEKA tool for the purpose of implementing the varied feature selection and model
systems. The main motive is to measure the predicting efficiency of the classifier
when it is functional and operating and then classifying new samples outside the
benefit of perceiving the bona fide class of the samples. The comparators have been
designed to implement a 10-fold cross validation trial. The dataset is split into 10
equally distributed subsets. The most exact machine learning classifier is chosen as
a base classifier to instruct the nine-subset layer and examine it on the last subset
layer. To measure the durability of crafted groundwork, the step is repeated. To
appraise the performance of the considered framework, seven different
specifications listed as, F measure, accuracy, MCC, error rate, True and False

Positive rates, and area under curve (AUC) are used.

2.1.3 MACHINE LEARNING CLASSIFIERS: In below Section explains

Machine Learning classifiers with different algorithms.

a). Neural Network: An unreal neural network linked group of nodes, known as
perceptron’s, and is like a colossal network of neurons in a human brain. In this, the
perceptron algorithm has been used to train the machine. It is for a managed
learning of two-fold classifiers that can decide if an input belongs to some unique

category or not.

b). Support Vector Machine (SVM) networks, are super visional learning algorithms
that figure out the data used for classification and backsliding analysis. SVM model
is a depiction of the examples as points in space, charted to create separate

categories, divided by a clear chasm. New samples are then mapped into that same
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space and then concluded to belong to a category based on the side of the chasm

they fall.

c). Random Forest: Random Forest comes under the category of tree type
classifiers, in this the dataset values are inspected separately and by the same
distribution of all the trees in the forest. Internal valuation monitors strength, errors
and the correlations which are implemented to display the response to the growing
number of features that have been used in splitting.

d). Adaboost is capable of being used in a partnership with many other types of
classifiers to boost performance. Adaboost is often said to be best the out of-the-box
classifier. Information collected at each stage of the Adaboost algorithm of each
training sample is stuffed into the tree viable algorithm in such a way that later trees

favor to focus on harder to classify examples.

e). Logistic Regression-Bayesian networks are aimed acyclic graphs whose nodes
show variables in the Bayesian sense. Each node is correlated with a probability
function that takes a specific set of values, as input, for the node's parent variables,
and gives the probability distribution of the variable represented by the node.

2.2 PROPOSED FRAMEWORK

The main concern of analysis in the field of machine learning is being to form
a scheduled computational machine for the categorizing the forecast of the objects,
based on the attainable information. The outcome of proposed framework helps to

predict the triggered sound waves reflect from surface Rock or a Mine.

2.2.1 PROPOSED FRAMEWORK METHODS:

Broadly in physical world or realistic issues, there is no curb over the types of
data. Some dire pre-processing like removal of missing values, feature selection, etc.
are always required. Machine learning focuses on taking up contemporary
techniques to process huge amount of complex data with lower expense. The
abstract view of proposed framework has been represented in Figure 1. Figure 1
describes the framework of the prediction model created to determine the surface to

be a rock or a mine based on about 61 factors or features, processed by 10 different
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classifier models, which give outputs with an acceptable accuracy and precision

percentage.

i. Preprocessing: Missing values are removed by replacing them by mean value
imputation.

ii. Feature Selection: Mean Gini index is used to rank the important features. The
top 50 features ranked by mean gini index is selected and fed to the prediction

model.

iii. Prediction Model: Different ML classifiers are explored and implemented to find
the best possible solution. Random forest, being an ensemble model has shown the
highest performance with 83.17% of accuracy. The results are further optimized by
applying feature selection technique to feed the prediction model with the best
features and accuracy reached at 90.20% after optimization. The outcome of this

proposed framework helps to predict the targeted surface to be a Rock or a Mine.

Target Surface

Rock or Mine

featrel

feature2

feature

feature3 EEEE— selection

Prediction Model

feature 61

Figure 2.1. Prediction Framework
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3.SYSTEM REQUIREMENTS

3.1 SOFTWARE AND HARDWARE REQUIREMENTS
Software Requirements

e Operating System: Windows10 and other versions.

e Language: Python 3.8.5

Hardware requirements

e Ram: 8 GB and more

e Processor: Any Intel Processor
e Hard Disk: 6 GB and more

e Speed: 1 GHZ and more

3.2 MATPLOTLIB

Humans are very visual creatures: we understand things better when we see
things visualized. However, the step to presenting analyses, results or insights can
be a bottleneck: you might not even know where to start or you might have already a
right format in mind, but then questions like “Is this the right way to visualize the
insights that | want to bring to my audience?” will have definitely come across your

mind.

When you’re working with the Python plotting library Matplotlib, the first step to

answering the above questions is by building up knowledge on topics like:

« The Anatomy of Matplotlib plot: what is a subplot? What are the Axes? What

exactly is a figure?

e Plot Creation: which could raise questions about what module you exactly
need to import (pylab or pyplot?), how you exactly should go about initializing
the figure and the Axes of your plot, how to use matplotlib in Jupyter notebooks,

etc.

e Plotting Routines: from simple ways to plot your data to more advanced ways

of visualizing your data.

18



e Basic Plot customization, with a focus on plot legends and text, titles, axes

labels and plot layout.

e Saving, Showing and Clearing your plots: show the plot, save one or more
figures to, for example, pdf files, clear the axes, clear the figure or close the plot,

etc.

(To practice matplotlib interactively, try the free Matplotlib chapter at the start of
this Intermediate Python course or see DataCamp’s Viewing 3D Volumetric Data

With Matplotlib tutorial to learn how to work with matplotlib’s event handler API.)

What does the Matplotlib looks like?

At first sight, it will seem that there are quite some components to consider
when you start plotting with this Python data visualization library. You’'ll probably
agree with me that it's confusing and sometimes even discouraging seeing the
amount of code that is necessary for some plots, not knowing where to start yourself
and which components you should use. Luckily, this library is very flexible and has a
lot of handy, built-in defaults that will help you out tremendously. As such, you don’t
need much to get started: you need to make the necessary imports, prepare some
data, and you can start plotting with the help of the plot() function! When you’re

ready, don’t forget to show your plot using the show() function.

script.py

1 # Import the necessary packages and modules
import matplotlib.pyplot as plt
import numpy as np

2
3
4
5 # Prepare the data

[ x = np.linspace(®, 1@, 188)
7

8

9

# Plot the data
plt.plot(x, x, label='linear')

11 # Add a legend
12 plt.legend()

14 # Show the plot
15 plt.show()

Run

Figure 3.1. matplotlib plot
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https://www.datacamp.com/community/tutorials/matplotlib-tutorial-python?utm_source=adwords_ppc&utm_campaignid=1455363063&utm_adgroupid=65083631748&utm_device=c&utm_keyword=&utm_matchtype=b&utm_network=g&utm_adpostion=&utm_creative=278443377086&utm_targetid=aud-299261629574:dsa-473406587955&utm_loc_interest_ms=&utm_loc_physical_ms=9040217&gclid=Cj0KCQjwp4j6BRCRARIsAGq4yMFVF8eBK1trZgbyQ8fMhWZNjneS8B8Cbhvpw-VqR9I3ysnWLHi4CggaAuf_EALw_wcB#plot_customizations
https://www.datacamp.com/courses/intermediate-python-for-data-science
https://www.datacamp.com/community/tutorials/matplotlib-3d-volumetric-data
https://www.datacamp.com/community/tutorials/matplotlib-3d-volumetric-data

3.3 PANDAS

pandas is a Python package that provides fast, flexible, and expressive data
structures designed to make working with structured (tabular, multidimensional,
potentially heterogeneous) and time series data both easy and intuitive. It aims to be
the fundamental high-level building block for doing practical, real world data
analysis in Python. Additionally, it has the broader goal of becoming the most
powerful and flexible open source data analysis / manipulation tool available in
any language. It is already well on its way toward this goal. Pandas is a popular
Python package for data science, and with good reason: it offers powerful,
expressive and flexible data structures that make data manipulation and analysis

easy, among many other things. The DataFrame is one of these structures.

3.4 SKLEARN

Simple and efficient tools for predictive data analysis. Accessible to
everybody, and reusable in various contexts. Built on NumPy, SciPy, and matplotlib.
Open source, commercially usable - BSD license. Used in: Classification,

Regression, Clustering, Dimensionality reduction, Model selection, pre-processing

Classification Regression Clustering

Identifying which category an object belongs to. Predicting a continuous-valued attribute associated Automatic grouping of similar objects into sets.
with an object.

Applications: Spam detection, image recognition Applications: Customer segmentation, Grouping

Algorithms: SVM, nearest neighbors, random forest, Applications: Drug response, Stock prices. experiment outcomes

and more. Algorithms: SVR, nearest neighbors, random forest, Algorithms: k-Means, spectral clustering, mean
and more. shift, and more

Dimensionality reduction Model selection Preprocessing
Reducing the number of random variables to Comparing, validating and choosing parameters and Feature extraction and normalization.
consider models
Applications: Transforming input data such as text

Applications: Visualization, Increased efficiency Applications: Improved accuracy via parameter for use with machine learning algorithms
Algorithms: k-Mear election, non tuning Algorithms: preprocessing, feature extraction, and
negative matrix factc ore.

more. Algorithms: grid search, cross validation, metrics,
and more

Figure 3.2. sklearn
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4.IMPLEMENTATION

4.1 EXPERIMENTAL RESULTS AND DISCUSSION:
This section discusses parameter evaluation metrics to measure the
performance of various machine learning algorithms. The results of 10-fold cross

validation method are presented graphically and discussed much in detail.

A) DATA CORRELATION REPRESENTATION

Figure 4.1. Data correlation representation
B) DIFFERENT DIMENSIONS OF FREQUENCY IN VERTICAL AXIS AND
HORIZONTAL AXIS
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C) DATA DISTRIBUTION PROCESS IN DENSITY PLOTS REPRESENTATION:
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Figure 4.3. Data distribution process in density plot representation

D) ALGORITHMS COMPARISON:
In this module, we compare Numerical Data based on Quartile Values with

different algorithms.

0.9 1

08

4T
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LR LDA KNN CART NB SVM

Figure 4.4. Algorithms comparsion
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e LR: Logistic Regression.

e LDA: Linear discriminant analysis.

e KNN: k-nearest neighbors.

e CART: Classification and Regression Trees.
e NB: Naive Bayes classifier.

e SVM: Support Vector Machine.

E) SCALED ALGORITHMS ACCURACY VALUES

ScaledLR: 8.734191 (0.895885)
ScaledLDA: 0.746324 (8.117854)
ScaledKNN: 0.825735 (0.854511)

ScaledCART: 8.785147 (6.0895543)
ScaledNB: 0.648897 (0.141868)
ScaledSVM: 8.836397 (0.088697)

Figure 4.5. Scaled Algorithm accuracy values

F) SCALED ALGORITHM COMPARISON
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Figure 4.6. Scaled Algorithm comparison
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e ScaledLR: Scaled Logistic Regression.

e ScaledLDA: Scaled Linear discriminant analysis.

e ScaledKNN: Scaled k-nearest neighbors.

e ScaledCART: Scaled Classification and Regression Trees.
e ScaledNB: Scaled Naive Bayes classifier.

e ScaledSVM: Scaled Support Vector Machine.

G) BOSTING ALGORITHMS ACCURACY VALUES

AB: 6.813971 (0.066017)
GBM: ©.859926 (©.1086230)

RF: 8.747059 (0.136276)
ET: ©.776103 (8.117813)

Figure 4.7. Bosting algorithms accuracy values

4.2 IMPLEMENATION CODE

Packages or module to be imported
from matplotlib import pyplot
from pandas import read_csv
from pandas import set_option
from pandas.plotting import scatter_matrix
from sklearn.preprocessing import StandardScaler
from sklearn.model_selection import train_test_split
from sklearn.model_selection import KFold
from sklearn.model_selection import cross_val_score
from sklearn.model_selection import GridSearchCV
from sklearn.metrics import classification_report
from sklearn.metrics import confusion_matrix
from sklearn.metrics import accuracy_score
from sklearn.pipeline import Pipeline

from sklearn.linear_model import LogisticRegression
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from sklearn.tree import DecisionTreeClassifier

from sklearn.neighbors import KNeighborsClassifier

from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
from sklearn.naive_bayes import GaussianNB

from sklearn.svm import SVC

from sklearn.ensemble import AdaBoostClassifier

from sklearn.ensemble import GradientBoostingClassifier

from sklearn.ensemble import RandomForestClassifier

from sklearn.ensemble import ExtraTreesClassifier

For final model to derive output
# Finalize Model

# prepare the model

scaler = StandardScaler().fit(X_train)

rescaledX = scaler.transform(X_train)

model = SVC(C=1.5)

model.fit(rescaledX, Y _train)

# estimate accuracy on validation dataset
rescaledValidationX = scaler.transform(X_validation)
predictions = model.predict(rescaledValidationX)
print(accuracy_score(Y_validation, predictions))
print(confusion_matrix(Y_validation, predictions))

print(classification_report(Y_validation, predictions))
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6.CONCULSION

An adequate prediction miniature, united with the machine learning classifying
features, is proposed which can conclude if the target of the sound wave is either a
rock or a mine or any other organism or any kind of other body. Research is carried
out for predicting the best possible result for the target to be a rock or a mine, which
is found to be best through the random forest model, which is an ensemble tree-
based classifier in machine learning with the highest accuracy rate of 83.17% and
giving the best ROCAUC rate 0.93, with least error for better elaboration of this
prediction model. For future work more, complex data will be handled using big data
Hadoop framework. With random forest algorithm, the results are further optimized
by feature selection to get the accuracy of 91.15%.

SONAR technique, which relays on certain parameters to be able to detect
the obstacle or the surface is a rock or a mine. Machine learning has drawn the
attention of maximum part of the technology related and based industries, by
showing advancements in the predictive analytics. The main aim is to emanate a
capable prediction representative, united by the machine learning algorithmic
characteristics, which can figure out if the target of the sound wave is either a rock or
a mine or any other organism or any kind of other body. This attempt is a clear-cut
case study which comes up with a machine earning plan for the grading of rocks and

minerals, executed on a huge, highly spatial and complex SONAR dataset.
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APPENDIX

A. SOURCE CODE

# Classification Project: Sonar rocks or mines

# Load libraries

from matplotlib import pyplot

from pandas import read_csv

from pandas import set_option

from pandas.plotting import scatter_matrix

from sklearn.preprocessing import StandardScaler
from sklearn.model_selection import train_test_split
from sklearn.model_selection import KFold

from sklearn.model_selection import cross_val_score
from sklearn.model_selection import GridSearchCV
from sklearn.metrics import classification_report

from sklearn.metrics import confusion_matrix

from sklearn.metrics import accuracy_score

from sklearn.pipeline import Pipeline

from sklearn.linear_model import LogisticRegression
from sklearn.tree import DecisionTreeClassifier

from sklearn.neighbors import KNeighborsClassifier
from sklearn.discriminant_analysis import LinearDiscriminantAnalysis
from sklearn.naive_bayes import GaussianNB

from sklearn.svm import SVC

from sklearn.ensemble import AdaBoostClassifier
from sklearn.ensemble import GradientBoostingClassifier
from sklearn.ensemble import RandomForestClassifier
from sklearn.ensemble import ExtraTreesClassifier

# Load dataset
url="https://archive.ics.uci.edu/ml/machine-learning-

databases/undocumented/connectionist-bench/sonar/sonar.all-data’
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dataset = read_csv(url, header=None)
# Summarize Data

# Descriptive statistics

# shape

print(dataset.shape)

# types
set_option('display.max_rows', 500)
print(dataset.dtypes)

# head

set_option('display.width', 100)
print(dataset.nead(20))

# descriptions, change precision to 3 places
set_option('precision’, 3)
print(dataset.describe())

# class distribution
print(dataset.groupby(60).size())

# Data visualizations

# histograms

dataset.hist()

pyplot.show()

# density

dataset.plot(kind="density’, subplots=True, layout=(8,8), sharex=False,
legend=False)

pyplot.show()

# box and whisker plots

# dataset.plot(kind="box', subplots=True, layout=(w,8), sharex=False, sharey=False)

# pyplot.show()

# scatter plot matrix

scatter_matrix(dataset)
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pyplot.show()

# correlation matrix

fig = pyplot.figure()
ax = fig.add_subplot(111)

cax = ax.matshow(dataset.corr(), vmin=-1, vmax=1, interpolation="none")

fig.colorbar(cax)

pyplot.show()

# Prepare Data

# Split-out validation dataset

array = dataset.values

X = arrayl[:,0:60].astype(float)

Y = array/[:,60]

validation_size = 0.20

seed =7

X train, X validation, Y_train, Y_validation

test_size=validation_size, random_state=seed)

# Evaluate Algorithms

# Test options and evaluation metric
num_folds = 10

seed =7

scoring = ‘accuracy’

# Spot Check Algorithms

models =[]

models.append(('LR’, LogisticRegression()))
models.append(('LDA', LinearDiscriminantAnalysis()))
models.append(('KNN', KNeighborsClassifier()))
models.append(('CART', DecisionTreeClassifier()))
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models.append(('NB’, GaussianNB()))

models.append(('SVM', SVC()))
results =[]
names = ]

for name, model in models:

kfold = KFold(n_splits=num_folds, random_ state=seed)

cv_results = cross_val_score(model,

scoring=scoring)
results.append(cv_results)

names.append(name)

X train, Y_train, cv=kfold,

msg = "%s: %f (%f)" % (name, cv_results.mean(), cv_results.std())

print(msg)

# Compare Algorithms
fig = pyplot.figure()

fig.suptitle('Algorithm Comparison’)

ax = fig.add_subplot(111)
pyplot.boxplot(results)
ax.set_xticklabels(names)
pyplot.show()

# Standardize the dataset
pipelines =[]
pipelines.append(('ScaledLR’,
LogisticRegression())])))
pipelines.append(('ScaledLDA,
LinearDiscriminantAnalysis())])))
pipelines.append(('ScaledKNN',
KNeighborsClassifier())])))
pipelines.append(('ScaledCART",
DecisionTreeClassifier())])))
pipelines.append(('ScaledNB"’,
GaussianNB())])))

Pipeline([('Scaler’,

Pipeline([('Scaler",

Pipeline([('Scaler’,

Pipeline([('Scaler",

Pipeline([('Scaler’,
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pipelines.append(('ScaledSVM', Pipeline([('Scaler’, StandardScaler()),(SVM',
SVCO))
results =[]
names = ]
for name, model in pipelines:

kfold = KFold(n_splits=num_folds, random_state=seed)

cv_results = cross_val_score(model, X train, Y_train, cv=kfold,
scoring=scoring)

results.append(cv_results)

names.append(name)

msg = "%s: %f (%f)" % (name, cv_results.mean(), cv_results.std())

print(msg)

# Compare Algorithms

fig = pyplot.figure()

fig.suptitle('Scaled Algorithm Comparison’)
ax = fig.add_subplot(111)
pyplot.boxplot(results)
ax.set_xticklabels(names)

pyplot.show()

# Tune scaled KNN

scaler = StandardScaler().fit(X_train)

rescaledX = scaler.transform(X_train)

neighbors =[1,3,5,7,9,11,13,15,17,19,21]

param_grid = dict(n_neighbors=neighbors)

model = KNeighborsClassifier()

kfold = KFold(n_splits=num_folds, random_state=seed)

grid = GridSearchCV(estimator=model, param_grid=param_grid, scoring=scoring,
cv=kfold)

grid_result = grid.fit(rescaledX, Y _train)

print("Best: %f using %s" % (grid_result.best_score_, grid_result.best_params_))

means = grid_result.cv_results_['mean_test_score']
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stds = grid_result.cv_results_['std_test_score']
params = grid_result.cv_results_['params’]
for mean, stdev, param in zip(means, stds, params):

print("%f (%f) with: %r" % (mean, stdev, param))

# Tune scaled SVM

scaler = StandardScaler().fit(X_train)

rescaledX = scaler.transform(X_train)

c_values =[0.1,0.3,0.5,0.7,0.9,1.0,1.3, 1.5, 1.7, 2.0]

kernel_values = ['linear’, 'poly’, 'rbf', 'sigmoid’]

param_grid = dict(C=c_values, kernel=kernel_values)

model = SVC()

kfold = KFold(n_splits=num_folds, random_ state=seed)

grid = GridSearchCV(estimator=model, param_grid=param_grid, scoring=scoring,
cv=kfold)

grid_result = grid.fit(rescaledX, Y _train)

print("Best: %f using %s" % (grid_result.best_score_, grid_result.best_params_))
means = grid_result.cv_results_['mean_test_score']

stds = grid_result.cv_results_['std_test_score']

params = grid_result.cv_results_['params']

for mean, stdev, param in zip(means, stds, params):

print("%f (%f) with: %r" % (mean, stdev, param))

# ensembles

ensembles =[]

ensembles.append(('AB', AdaBoostClassifier()))
ensembles.append((GBM', GradientBoostingClassifier()))
ensembles.append(('RF', RandomForestClassifier()))
ensembles.append((ET', ExtraTreesClassifier()))

results =]

names =[]

for name, model in ensembles:
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kfold = KFold(n_splits=num_folds, random_state=seed)

cv_results = cross_val_score(model,
scoring=scoring)
results.append(cv_results)

names.append(name)

msg = "%s: %f (%f)" % (name, cv_results.mean(), cv_results.std())

print(msg)

# Compare Algorithms

fig = pyplot.figure()

fig.suptitle('Ensemble Algorithm Comparison’)
ax = fig.add_subplot(111)
pyplot.boxplot(results)
ax.set_xticklabels(names)

pyplot.show()

# Finalize Model

# prepare the model

scaler = StandardScaler().fit(X_train)

rescaledX = scaler.transform(X_train)

model = SVC(C=1.5)

model.fit(rescaledX, Y_train)

# estimate accuracy on validation dataset
rescaledValidationX = scaler.transform(X_validation)
predictions = model.predict(rescaledValidationX)
print(accuracy_score(Y_validation, predictions))
print(confusion_matrix(Y_validation, predictions))

print(classification_report(Y_validation, predictions))
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