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In this thesis describes a modified Convolutional Neural Network (CNN) for clas-
sification problems based on Pre-Trained weights and Extreme Gradient Boosting (XG-
Boost). As well as image data, this research works also supports general classification
problems, with a data preprocessing module. This proposed model consists of several
stacked convolutional layers to learn the features of the input and is able to learn
features automatically, followed by XGBoost as the last layer to increase predictive
efficiency for predicting the class labels. The model is simplified by reducing the num-
ber of parameters under appropriate conditions, since it is not necessary to re-adjust
the weight values in a backpropagation cycle. Further, the model is much faster in
the training phase, because the input weights are optimal weights from the Pre-Trained
weights module and it does not have to re-adjust weights repeatedly. Experiments on
data sets, including images and general data sets, showed that the model proposed
in this thesis, handled the classification problems well and that provided better accu-
racy than other models e.¢. CNN, XGBoost, Logistic Regression (LR), Extra Trees Classifier
(ETC), Gradient Boosting Classifier (GBC), Random Forest Classifier (RFC), Gaussian Naive
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Chapter 1

Introduction

1.1 Background and Research Motivation

Artificial intelligence (Al) has made great progress for the world. It unlocks the
limitations of human thinking in the past and along with create advances in knowledge
to develop new ideas and innovations that are constantly occurring. Al'is a concept for
building a machine capable human equivalent for solving common problems in theory
and practice. For example, systems that have human-like thinking, and decision-making
based on formal reasoning, systems that have actions that are equivalent to human
beings with particular expertise in that particular knowledge or expert system [10, 11]
etc.Machine Learning (ML) is the heart of Al research that is widely used today, which has
been used to solve a variety of research areas, such as medical and clinical applications
[12], agriculture [13], financial [14, 15, 16], and most of them are used in applications
which involve data analysis, classification, and prediction.

Learning models are key to solving some ML problems. Therefore, in every
problem must focus on learning models. Classification is a major topic for ML and
appropriate learning criteria are essential for predicting a class labels - this is called
supervised learning. Classification problems may be found in image processing [17, 18,
19, 20], document and text classification [21, 22, 23, 24], intrusion detection [25, 26,
27], medical diagnosis [28, 29, 30, 31], and pattern recognition [32, 33, 34, 35]: these
problems may be either binary or multi-class. Currently, the world is in an enormous
store of information and much of it is very complex with data having many features
[36, 37, 38] etc. Today, humans are affected by this data and significant knowledge and
understanding may be found in it, if analyzed appropriately. In recent years, deep
learning has become widely used as a learning model and has led to striking advances
in fields such as computer vision [39, 40, 41] and classification problems [42, 43, 44], for
example, Mironczuk and Protasiewicz have surveyed its application to text classification
[23]. In solving machine learning problems, feature learning has become a driving force
for success [45].

Generally, the mass of information in the real world has made it difficult for
models to discover the key features in any particular problem. For this reason, common
methods rely on manual feature engineering, which leads to features that may not aid
the best solution, because the external environment may bias some features and lead
to inappropriate feature additions or deletions. Automatic feature learning can solve
this problem; it allows the system to automatically discover key features from raw
data. Therefore, we need to realize the importance of effective models and also the



ability of automatic feature learning to find a complete model. However, most models,
including the traditional shallow models and deep learning, still use only a single model

for training.

1.2  Objectives of the research

1) To apply pre-trained weights and extreme gradient boosting techniques for a mod-

ified convolutional neural network.

2) To develop an effective model for handling classification problems, which is not

focused only on image processing, but also other general classification problems.

3) To compare other machine learning models, i.e. , Convolutional Neural Network
(CNN), Extreme Gradient Boosting (XGBoost), Logistic Regression (LR), Extra Trees
Classifier (ETC), Gradient Boosting Classifier (GBC), Random Forest Classifier (RFC),
Gaussian Naive Bayes (GNB), Decision Tree Classification (DTC), Multilayer Percep-
tron (MLP), and Support Vector Classification (SVC).

1.3  Scope of the research

The scope of this thesis is focused on the study and modified model based on

machine learning techniques.
1) To study the effective models for application to classification problems

2) To expand the scope of the model for classification problems, not limited to

image, but including general information.

3) To study and modify techniques for automatic features learning and predicting

class labels effectively

1.4  Expected benefits

1) Describe a new deep learning model — proposed for processing both image and
general classification problems, it can be used to show its general applicability,

with a data pre-processing module and the proposed method.

2) The model can reduce the process of weight adjusting in the training phase, it
helps to get the weights that were the optimal training for the CNN model.

3) The pre-trained weights make it more effective than initiating a custom or ran-
domly.



1.5 Overview of the thesis

The structure in the thesis consists of five chapters as follows:
Chapter 1: Introduction

Chapter 2: Theory and Related work

Chapter 3: Research methodology

Chapter 4: Experimental and Numerical results

Chapter 5: Conclusions

The details of each chapter in the thesis are described briefly as follow.

Chapter 1 present the background and research motivation of this thesis, in-
cluding the literature review about state-of-the-art for artificial intelligence, machines
learning challenge, and application in various fields etc.In addition, providing the ob-
jectives, scopes, benefits, and overview of the thesis will be displayed completely in
this chapter.

Chapter 2 gives the fundamental concepts, definitions, and remarks that are
necessary for both prototype models, convolutional neural network (CNN) and extreme
gradient boosting (XGBoost). Including pre-trained weights techniques will be used in
our model in the next chapter.

Chapter 3 describes the detail of the methodology used in the research. The
first section is presented with the first model - Convolutional Extreme Gradient Boosting
(ConvXGB), techniques behind the development of this model, and data preprocess-
ing method. The second section, ConvXGB were developed at a higher level with
pre-trained weights technique — Pre-Train Weights Extreme Gradient Boosting (PT-XGB).
Furthermore, the learning algorithms of both models are also included in this explana-
tion.

Chapter 4 presents the experimental results of the research, This experimental
is divided into two part for both our model, ConvXGB and PT-XGB. We give numerical
examples to support our methodology in the previous chapter. Including showing the
data set used in the evaluation of our model. Our model was compared with other
models i.e. Convolutional Neural Network (CNN), Extreme Gradient Boosting (XGBoost),
Logistic Regression (LR), Extra Trees Classifier (ETC), Gradient Boosting Classifier (GBC),
Random Forest Classifier (RFC), Gaussian Naive Bayes (GNB), Decision Tree Classification
(DTC), Multilayer Perceptron (MLP), and Support Vector Classification (SVO).

Chapter 5 describes the conclusion of the thesis and the suggestions for further
research, within this chapter contains: discussion, recommendations, limitations, and
suggestions for further research.

In the end of this thesis, the appendices contain the articles published in the

international journals. The first article is ”A Deep Single-Pass Learning for Recognition of



Handwritten Digits”. For the second article is A Deep One-Pass Learning based on Pre-
Training Weights for Smartphone-Based Recognition of Human Activities and Postural

Transitions”. Also, the biography of the author is placed on the last page of the thesis.



Chapter 2

Theory and Related work

In this chapter, the theory and related work will be described, which consists
of the fundamental concepts, definitions, and remarks that are necessary for both
prototypes in the modeling of the proposed research: Convolutional Neural Network
(CNN) [1], which is a class of deep learning that has been impressed by the efficiency,
and accuracy in many research areas. The structure consists of many different layers
i.e. convolution, pooling, and fully connected. The details will be shown in Section
2.1, and Extreme Gradient Boosting (XGBoost) [46] is a model developed from Gradient
Boosting (GB), which has a structure consisting of many decision trees (or decision tree
ensemble) to vote for the predicting class labels, more details will be explained in
Section 2.2.

2.1  Convolutional Neural Network (CNN)

Convolutional Neural Network (CNN), first described by Lecun et al. [1], are
described in detail by Goodfellow et al [47] and Stutz [48]. A short summary follows,

but readers familiar with CNN may skip this section.

2.1.1  CNN Architecture

Traditional Convolutional Neural Network (CNN) architecture, generally consists
of £ convolutional layers, indexed by k, alternating with multiple pooling layers, which
are responsible for learning the features of the training data. The last layer is usually a

Fully Connected (FC) one see Figure 2.1.
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Figure 2.1 Traditional Convolutional Neural Network (CNN) Architecture.



2.1.2 Convolution layer

In each layer, a convolution operation, KF, is applied to the image which is fed
the k' layer. We assume a grayscale ‘image’, V¥, as the input to the £ layer, (where
Yj = 7;). The discrete convolution of Y¥,  and the kernel K*, with size h x d and

Jjm,n

indices u € [~h, h] and v € [—d, d], is computed as:

h d

yjk,;tbl,n - (yk ® ’C J m,n — Z Z ,C yjk-,7n+u,ﬂ+v (21)

u=—hv=—d

where m,n ranges over the indices in the 'image’ in the k + 1t layer, which is not
always the same as the range in layer, k. For understanding, the calculation in each
layer is forwarded to the next layer: the input to the first (k = 1) layer is the set of
original images, but after convolution, the inputs to the next, and subsequent layers,
are the F¥ ‘features’ in layer k, Y|j € [1..F¥], because they are transformations (the
convolutions) of the previous inputs. Note that the number of feature maps in each
layer, F*, may vary, set by the user for each application. In convolution layer, k € [1..L]:

Then, the jt* feature map for layer k + 1, y}‘“, after a set of biases, B, for each

feature, j, in each layer, k, are added and the activation function, ¢ is applied:

Fk
yk-i-l A QO Bk + Z m,j ®y7]%)) (22)

m=1

Here a Rectified Linear Unit (ReLLU) activation function was used for ¢,

0 if z<0,
= - (2.3)

x otherwise.

Thus, the elements of the output of layer, k + 1, for the ;" feature map, y]’.““,

at position (r, s) is:

(yj]‘chl)r Bk rs"‘z ®yk rs) (24)



2.1.3 Pooling layer

The pooling layer helps to reduce the size of the output (ie. it may down-
sample the input to that layer). Other function options could be used e.g. maximum,
average, etc.. We followed common practice to use the maximum value on a local
rectangular region (neighborhood). Let us assume p x p is size of the pooling window
and sp is stride of the pooling, then P(..) is a pooling function which acts on Y¥**, and
pooling window of dimension is ((H — h)/sp+1) x (D —d)/sp+ 1). So that the output

of a max-pooling function is:

P(yf+1)m,n = max(y;'c+1)m,n (25)

2.1.4  Fully Conected layer

The FC layer, receives data from the previous convolutional and pooling layer.
This layer is a classifier layer, the weights received in this layer in each iteration is fed
back to adjust the weights in all previous layers. Generally, softmaz is the transforma-
tion function used in the feed back:

Y = softmax(l @ W + B) (2.6)

Finally, we obtain as output, the predictions ), where L. is the set of original
images, and set, W of all weights, and set of biases B.

2.2 Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) is a machine learning model for classifi-
cation and regression problems designed by Chen and Guestrin [46] and shown first in
KDD Cup 2015. It is effective for a machine learning and data mining challenges and
has been used extensively by data scientists.

A brief summary of Chen and Guestrin’s work follows, but readers familiar with
their work may skip to next Chapter. XGBoost is a highly scalable end-to-end tree boost-
ing system. Its architecture consists of a tree, which is an ensemble of K classification
and regression trees (CARTSs). If z; is the vector training set and y; is the corresponding

class labels of z; . The output prediction, g; is the sum of the prediction scores of K



trees:

fr(xs) (2.7)

§>
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where f;, € F is the leaf score for the k" tree and F is the set of all K scoring function.
The output prediction, §; were compared between the target based on a loss function,

1(9:,v:), with the addition of an Q term to the model for prevent overfitting, calculated:

L(o)=>1(y) + > fr) (2.8)
k

%

where Q(f) =T+2A ZJT:I w;?, with constants, v and \, which control the regularization
degree, T is the set of leaves in the tree with the weight of each leaf denoted w. In
addition, we can improve the efficiency in Equation (2.8) by expanding the loss func-

tion with a first or second order Taylor expansion. Therefore, at step ¢, we can calculate:

ng i) + hfz (@)l + Q(f)

| Z

yal

g fi(:) + h ifi ()] +AT + < A > w;? (2.9)

1 Jj=1

Z ot %(Z By Xywl?] + AT

o= el

Il
M: T
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where I, = {i | ¢(z;) = j} denotes the instance set of leaf ¢, and

NG ya)

b (2.10)

9; =

%15, yi)
g, )?



are first and second order gradient statistics of the loss function. The optimal weight,

w?, of leaf, j, and the quality, ¢, for a given tree structure, ¢(z;), can be computed:

>icr, Ji
Wi = ———— (2.12)
J Zite hz —+ )\

when calculating the weight in Equation (2.12), the final equation is the quality of a
tree structure, ¢, computed as:

EET: e, 990 (2.13)
2|4/ i X i '

The XGBoost model calculates scores in each node in the tree structure for split de-
cisions. For effective predictive, we realize the loss after the split and want to reduce

it. If I =1,UlR, where I, and Iy are the left and right nodes after the split, we compute:

(EiGIL gi)2 (EiEIR 91‘)2 (Zie[ 9i)2

1
I (2.14)
2 ZiGIL hi A ZieIR hi + X Zie] hi + A

Esplit ~



Chapter 3

Research methodology

3.1 Convolutional Extreme Gradient Boosting (ConvXGB)

This chapter is important for research because it has compiled details of the
research process for the proposed model, Convolutional Extreme Gradient Boosting
(ConvXGB). An overview of ConvXGB architecture shows in Section 3.1.1, the model is
separated to describe each layer according to the steps of the process of operation, that
includes the theoretical principles and parameters Section 3.1.2 that are used in each
layer with different. In order to understand and simpler to study, we have described
the ConvXGB by demonstrating the learning algorithm see Section 3.1.3. Furthermore,
to expand the differences in the differences for data types, we have presented our data
preprocessing see Section 3.1.4 to support our model performance to cover all data

formats, which does not limit to image data.

3.1.1 ConvXGB Architecture

The architectural design of the proposed model, ConvXGB consist of six layers:
1) input layer, 2) data preprocessing layer, 3) convolutional layers, 4) reshape layer,
5) class prediction layer and 6) output layer see Figure 3.1. Each layer has different
capabilities and responsibilities: these layers are the keys to the success of the model.
ConvXGB architecture can be divided into two parts: one for feature learning and the
other to predict the class labels, the types of layers are described in each part as fol-

lows.

Feature learning part

This part learns the key features from the training data set. This part has three
layers: the input, data preprocessing convolutional layers. Predeiction accuracy de-
pends on effective feature learning. Details of each layer follow.

1) Input layer: The input layer is the first layer and is responsible for the input
of the model. We assume a training data set, X, consists of a set of tuples, (z;,y;),
where j is the index of the data set. z; is a VN x VN feature matrix and y; is the class
label assigned to vector, z;. If the training set is in this required format, it will be passed
to directly to the convolutional layers of the feature learning section, otherwise, it will
be formatted in the data preprocessing layer - described next.

2) Data preprocessing layer: To make our system flexible and able to handle
data coming from many sources, we decided to use a common square matrix format for

the tensors in the convolution sections. In this layer, if the input data is not our standard
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Figure 3.1 Architecture of the ConvXGB model.

square form, with dimensions, v/N x /N, we convert it, by padding as necessary, to
the common form. Different data types are also converted in this layer, the required
format is further described in Section 3.1.4.

3) Convolutional layer: The convolutional layers are the core layers in this part;
they are responsible for feature learning and apply a convolution and an additive bias
to the input data. The data is logically a tensor, with dinmensions, (vVN,VN, z()), see
left of Figure 3.2, where z¥ is the number of filters (or output depth) in the I layer.

For example, with 9 feature vectors and 64 output convolution channels, N =9
and = = [y, 22,...,a4] is @ set of feature vectors in R? or RV?*¥? and d = 64 and the
output of each convolutional layer is a tensor with 3 x 3 x 64 elements.

We can set the number of convolutional layers as required. However, we must
be careful when increasing the number of the convolutional layers, because, as the
number of layer increases, the computation time will increase. Adding too many layers
may outweigh any advantage and we must balance carefully any increase in accuracy
with the cost incurred, including the availability of a machine with sufficient power to

support the necessary computation. From Equation 2.4 in Section 2.1:
Fk
VI =B+ > (Kh, ;@ Vi)
m=1

The computational complexity is set out in Section 3.2.3.
Predicting the class labels
This part predicts the class labels from training data through feature learning

in the convolutional layers of the previous part. Before input to the prediction part,

Input  Data Preprocessing Convolutional [l Reshape Class Prediction  Output
Layer Layer

XGBoost
Output Classes
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Figure 3.2 The process of operation in part of predict the class labels consists of reshape layer,

class prediction layer and output layer.

the input must be in the form of a vector, so a housekeeping operation transforms the

tensor to a vector in the reshape layer.

4) Reshape layer: This layer just runs some housekeeping operations to convert
the (logical) tensors output from the convolutional layers to the vector required by the
next layer - see middle of Figure 3.2.

5) Class prediction layer: The main task in this layer is to predict the class using
XGBoost as the driving force. XGBoost uses a tree structure and we can set the number
of trees, thus the size of the structure affects the performance. The quality of a tree

structure can be scored as Equation 2.13:

T 2
chigyzel y B o

= Zielj hi + A

where I; = {i|q(x;) = j} denotes the instance set of leaf ¢ and g; = %w, hi =

% are first and second order gradient statistics of the loss function , v and A
are constants to control the regularization degree, and T is the number of leaves in
the tree. One of the key tasks for this layer is splitting into the best set of segments:
we use the gain of the split in Equation 2.14. In each segment, sort the data according
to feature values and visit the data will be implemented as a first step in sorted order
to accumulate the gradient statistics.

Let Ig, I1, are the left and right instance sets and I = Iz U I, is their union, then
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the loss after the split is:

} (Zz’eILgi)2 n (Zz‘eIRgi)z i (Zie]!]i)Q —
2| Yien, i+ A Xierhit A Yierhi A

»Csplit =

In practice, this formula is used for evaluating candidate splits by using the
scores of the instance sets of the left and right child nodes after the split. In addition,
the model will speed up the training process and reduce the number of samples that
are used by ignoring sparse inputs - 0 features or missing values).

6) Output layer: Output layer will get class predictable by class prediction
layer. Finally, these classes are evaluated for accuracy, which represents the learning

performance of the model.

3.1.2 Principles and Parameters

In this section, we will explain the parameters and the key equations of Con-
vXGB model. ConvXGB has two main parts, the ability to learn the features of the
training set and efficiently predicting the class labels of the test set. The first part,
before entering the prediction process, the training set will be learnt by deep feature
learning, which consists of several convolutional layers, Y, and the pooling layer, P,
for reducing feature size. Generally, feature learning has a hierarchical structure, see a
diagram of our madel in Figure 3.1 showing the structre. The output of the convolution
operation, Y*, in each layer k, is computed from the output of layer k¥ — 1. Therefore,

the feature learning of the training data set follows this chain:

P(y;) N p(yj?) SN P(yjl.") — P(y]’?“) = Z (3.1)

when Z is tensor output of the feature learning process. In each layer, the output of
the previous layer is set to the input of the current layer. In the case where L =k + 1,
so the input, of yf“, in the k + 1 layer for the jt" feature map, is derived from the
output of the previous layer, V¥

An additive bias is applied to each input so the input, Y* of the k" layer for
the j* feature map, is derived from the output of the previous layer, yf‘l, as set out

previously in Equation 2.4 (repeated here).
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Fk

VI = o(BE + Y (KE @ V)

m=1

Remark 3.1. We used the capabilities of the convolutional layers from CNNs, the input
must be in a tensor format. Therefore, the training set will be converted to the standard

input format of convolutional operation as the following Definition 3.1.

Definition 3.1. Tensor: Let M is the training set, when [27] = be a set of N feature
vectors in RN then N’ = /N is integral, it is defined as dimension for a square matrix

notation [a}] Therefore, the general tensor, 7 of M-order can be created as follows:

N'N""

7— ~ [ailiz-uiM (32)

J1Jg2---dmM N N7

The output of convolution operation, ), caused from the tensor, T, applied to
the h x d kernel, K. The kernel, K, is slid through tensor, T, by a stride, sk, and zero
padding value.

In the second part, we use the decision rules in XGBoost to predict from the
training set learned from the first part. We add the term of features learning 2 (see
in Equation 3.1) to predict classes. Therefore, the final prediction is the sum of the

prediction scores for each tree E, as follows:
S
gi=6(Z) =Y f(Z), [x€F, (3.3)
k=1

For Equation (3.3) uses the ensemble of number of E classification and regression trees
(CARTs), when F = f(Z) = wyy(q : R® = T,w € RT) is the set of all K scores for all
CARTs, and f; is the leaf score for the kt" tree corresponds to both the independent

tree structure ¢ and leaf weights w, where T is the number of leaves in the tree.

Remark 3.2. Since Equation (3.3) supports the training set 2, data type is vector, but,
the data type of 2, after through the process of features learning is tensor. Therefore,
it is necessary to convert the type of Z to vector see in Definition 3.2, which describes

the standard and convert the input data.
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Definition 3.2. The training set Z is a tensor size [ which 7 is the number of

izdr]
J1j2--Jdrin/n’
filters, and n’ exhibit the number of rows and columns. Therefore, Z will be converted
in the form of vector V of feature in R® when b = n’ x n’ x , and will be represented in

the Equation (3.3) is:

K
gi=oV:) =Y frVi), fr€F, (3.4)
k=1

when F = f(V) = wy)(q : R" — T,w € RT). The quality of a tree structure can be
scored from Equation (2.13), we can set the number of trees, thus the size of the struc-
ture affects performance.

+T,

when I; = {ilg(V;) = j} denotes the instance set of leaf t and g, = %, hi =
Yi

5 R L) et " Kot .
% are first and second order gradient statistics of the loss function, v and A
Y;

are constants used to control the regularization degree. In addition, one of the key
tasks is splitting into the best set of segments: we use the gain of the split in Equa-
tion (2.14). In each segment, we sort the data according to feature values and visit the
data will be implemented as a first step in sorted order to accumulate the gradient
statistics. Let Iy, I, are the left and right instance sets and I = Ir U I, is their union,

then the loss after the split is:

1 ier, 90)° (e, 90)° (i 9i) .
2 ZiEIL hi + A Zieln hi+ A Ziel hi + A

Lsplit =

In our model, this formula is used for evaluating candidate splits by using the
scores of the instance sets of the left and right child nodes after the split.

3.1.3 ConvXGB Learning Algorithm

Given a training set, I = {Z;,v:|1 <i < M}, consisting of M images, with labels,
yi € R, the label of image x;, when x; € {T | T = [a}!2"m] |

with n features (R™ or R* ™, where n’ = y/n). The learning algorithm for the ConvXGB

can be summarized as follows:

} is an m-order tensor
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10.

. Initialize the training data set, X = {(z;,y,)|1 <j < M}.

If necessary, pad the N elements of each training data item, z;, so that new data

item can be formed into a square matrix of dimensions, N’ x N'.
Convert z; tensor format, (N, N’, 1)
Set the parameters of the convolutions for learning features

(@) number of convolutional layers, L

(b) convolutional layer output depth, 2

(c) for each layer, set the filter sizes, K, and
(d) filter strides, s
For each layer, k, in 1..L:

calculate the convolutions to (left side of Figure 3.2) generate the Y+ for layer,

k +1, and the j* feature map:

Reshape Z to a vector of length (n/ x n’ x rk+1) -V see in Definition 3.2.
Initialize parameters for the prediction step:

(a) total number of trees, K

(b) regularization parameters, v and \,
(c) column subsampling parameter,
(d) maximum tree depth, ¢ and

(e) learning rate

. Determine the output class labels:

=

gi= o)=Y ), feeF,

k=1

where F = f(V) = wyv)(¢ : R = T,w € RT)

. Calculate the optimal leaf weight for the best tree structure

N Zie],- 9i

w, = —

/ Z’LGIj hl + >\,
Calculate the quality of the tree structure, g, using the scoring function

. 1 Cier, 99)°
L£®) _ - _eel I T
(9) 2% s o T

where T is the number of leaves in the tree
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11. Calculate the best splitting points

1 (EieIL 9i)? (ZieIR 9i)? (D ier 9i)? .
2 ZiGIL hi 4+ A ziGIR hi+ A Zie[ hi + A

Esplit =

12. Terminate

Our ConvXGB algorithm has time complexity:

O(Lc*mnpq) + O(r(Kt + log B))

where L is the number of layers, ¢ is the number of input or output channels, the data
matrix has size m x n, the kernel has size p x ¢, r = ||z|| is the number of non-missing
entries, K is the number of trees, ¢ is the tree depth and B is the block length, which

reduces to O(Lc2mnpq), because it dominates r(Kt + log B).

3.1.4 Data Preprocessing

As noted before, this section is an important housekeeping stage to allow our
system to handle data from multiple sources in multiple formats. Basically, we pad
out the data to generate square tensors, as necessary, by adding zeroes © - Definition
3.4.

Definition 3.3. Input: Let I = {z;,4:|1 <i < M}, be the training set of M vector, each
vector z; consists of N features, z; = {p;|1 < j < N}, and y; is the label of image x; in
R, if p; = [po,p1,--.,pn]T is a set of N feature vectors in RV, since N’ = /N is integral,

we convert to input data to be a square matrix with dimension N’ as follows:

P11 P12 - PiNY
P21 P22 -+ P2nNy

pj = [poapla--'vp]\f]T:> . . X . (35)
PN’1 PN’2 't DN'N’

Example 3.3. If N = 9, then N’ = 3 the vector [0,1,2,3,4,5,6,7,8]7 is a set of data
vectors in R?, this vector matches the standard criterion, so is just copied a 3 x 3 matrix

as follows, and show more examples in Figure 3.3 (a).
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Figure 3.3 Example of converting data to the standard criterion: (a) Describes of a ‘square’ feature
vector which can be simply copied whereas, in (b), zeroes are added so that the

feature vector is square

olal 2
p; =.00,1,2/3,4,5,6,7,81 = 345
iR

Definition 3.4. Adding Zeros: If IV is not integral, we pad the feature vector with zeroes,

Q, and copy the padded vector to a N’ x N’ square matrix.

Example 3.4. For example, adding zeros when we assume a vector [0,1,2,...,10]T in
R, so five zeroes, [0,0,0,0,0]7, are added will lead to a 4 x 4 matrix as follows, and

show more examples in Figure 3.3 (b).

Q(p;) =[0,1,2,3,4,5,6,7,8,9,10,0,0,0, 0,01

2
6
10
0

S 00 = O
oS © ot =
S O N W

3.2  Pre-Trained weights and Extreme Gradient Boosting (PT-XGB)

Pre-Trained weights and Extreme Gradient Boosting (PT-XGB) extends and im-
proves our previous work on Convolutional Extreme Gradient Boosting (ConvXGB), which

has the same core structure, iie. CNN combined with XGBoost. However, PT-XGB adds
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improvements for weights received from the pre-trained model. As we show, this in-
creases accuracy and reduces training time, because it does not start with randomly
chosen weights, which may be far from the optimal weight. In addition, we added the
pooling layer to reduce the size of the training set. We describe the details of our
new model, PT-XGB, which combines elements of CNN and XGBoost, but emphasizes
the key differences in PT-XGB. The primary difference is the Pre-Trained weights mod-
ule, which is the first step in the overall structure, followed by the CNN and XGBoost
modules. Each PT-XGB module is described in order in the following sections.

The main contributions of our model are:

e PT-XGB is powerful, auto feature learning by convolutional layer and optimal
weights from pre-trained. In addition, we have a scalable end-to-end tree boosting
for predicts class labels by XGBoost. It’s different from the traditional CNN since it
doesn’t have to adjust the weights and FC layer as replaced by XGBoost.

e Our model was one time only for feature learning data because we apply optimal
weights from pre-trained. It does not need to rely backpropagation algorithm on
back to re-adjustment of the weights. Therefore, it help to reduce the burden of

the looping process for fined tuning weight in each a convolutional layer.

e We reduced the process of weight adjusting, it helped to get the weights that were
the optimal training for CNN model. The time complexity for fined tuning weights
is O(Ld*mnpq) + O(MNhce) see in Table 4.3. Pre-trained weights make it more

effective than initiating a custom or randomly.

e Our model do not focus only on image processing. But also other general classifi-

cation problems by our method, data preprocessing.

3.2.1 PT-XGB Architecture

The overall architecture of our model is divided into three sections according to
the responsibility - arranged in a pipeline, see Figure 3.4 - Pre-Trained weights, Training,
and Predicting. An overview of the function of module is described in the following list
and then in detailed in the following sections and in Figure 3.5.

Pre-Trained weights: Pre-Trained Weights Figure 3.4 (a) is preprocessing module
and is thus outside our model, but it is important because pre-training generates optimal
weights use in our model and improves the performance of our model. CNN is used
to train weights: we used a backpropagation method to adjust weights repeatedly until
the end of the epoch (or predefined number of cycles) or optimal weights were found
by measuring the model accuracy. These optimal weights are used in the next module.

Training: This module is a key part of our model - see in Figure 3.4 (b); it is

responsible for training with a training set. All parameters used here will be set as
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Figure 3.4 Overview of PT-XGB: (a) Pre-Trained weights, (b) Training and (c) Predicting

in the Pre-Training model, including weights in the feature learning step. The training
module has seven layers - explained in further detail later - Section 3.2.1. Output
from this modules is used for predicting the class labels (Section 3.2.1) for classification

problems.

1. Input layer: The input layer is the first layer of the model for load training set,

which may be image data or other types of data in the classification problems.

2. Data preprocessing layer: We used this module from ConvXGB, because it enables
our system to handle a wide variety of problems appearing in quite different

formats. It defines a common data format for the model, supporting a variety
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of data types, so that our model can process general data and is not limited to
image data. Details of the common format, which is sent to the next step, are

shown in Section 3.1.4.

3. Convolutional layer: Feature are learnt in this layer using a convolutional operator.
We set the number of layers, L, according to user needs. See Equation 2.4 in

Section 2.1 for the equation of the convolutional operation.

To determine the number of layers, L, we consider overall time complexity of the
model (see Table 4.3, which contains L), computer power of the machine used, re-
sulting in run time, and data adequacy since the number of features and instances
that are too few, it may not be enough for convolutional layers. However, in PT-
XGB, in this layer, we will process only once without re-adjusting weights, since
weights used in this layer are obtained from the Pre-Trained weights module, see
Section 3.2.2. This greatly reduces run time, see comparisons with CNN, ConvXGB
and our model in Table 4.19 of Section 4.2.3.

4. Pooling layer: The pooling layer helps reduce the size of the previous convolu-
tional layer: the Max operation used in this layer is max pooling. Thus, the number

of layers for pooling and convolution will be the same in our model.

Predicting: After receiving the training model, the prediction module (Figure 3.4 (c))

predicts the target class labels from the test set.

5. Reshape layer: The reshape layer re-adjusts the shape of the data (e.g. tensor) to
the vector format required by the next layer, see in Figure 3.2 and full details in
the description of ConvXGB.

6. Class prediction layer: The class prediction layer is a key layer of the model and
influences accuracy of the class prediction. Behind the prediction, efficiency is
driven by ensemble tree gradient boosting, Extreme Gradian Boosting (XGBoost)
[46]. We evaluate the quality of the tree by calculating the points (as in Equation
2.13):

1 (Cier, 91)°

L0 =35

+AT

and candidate split will be considered based on scores of the left and right nodes
of the instance, after a split, in order to reduce loss in the split operation (as in
Equation 2.14) in Section 2.2.
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Figure 3.5 Architecture of PT-XGB
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7. Qutput layer: The output layer is the last layer and generates the predicted class
- the final output. All the steps of the model are set out in Section 3.2.3.

3.2.2  Pre-Trained weights

Pre-training weights are. commonly used for Visual Question Answering (VQA)
tasks, using weights acquired from a library or public framework [49] (e.¢. Theano [50],
Lasagne [51], ImageNet [52], word2vec [53], AlexNet [54], GoogleNet [55], and ResNet
[56] etc.). There are many researches previously proposed using such techniques i.e.
Jabri et al.[57] and Lioutas et al.[58]. We demonstrate using pre-training weights tech-
nigues for training models, by using the CNN structure as an example to make readers
understand the work process more see Figure 2.1.

Pre-trained weights in a deep learning model avoid random weight initialization
and use already pre-trained weights and avoid repeated training. Here, we used CNN
for pre-training. Weights obtained from these models will be used in PT-XGB in the
convolutional layer for feature learning.

This reduces the training time for the model, depending on the training set size
- see in Table 4.19. Note that the weights used must be received from the pre-training
model which has the same parameters as our model, i.e. number of convolutional

layers, L, output depth, z, filter sizes, K, and filter strides, S,(f), etc.
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3.2.3 PT-XGB Training Algorithm

Let X = {(xj,y;)]1 < j < M}, where M is the size of training data set, z; =
[z1,22,...,xn] be a set of N feature vectors in RN or RN *N" where N’ = /N and y; is
the label of vector z;. The learning algorithm for the PT-XGB can be summarized as

follows:

1. Initialize the training data set, X = {(z;,y,)[|1 <j < M}.

2. If necessary, pad the N elements of each training data item, z;, so that new data

item can be formed into a square matrix of dimensions, N’ x N'.
3. Convert x; tensor format, (N’, N’, ().
4. Set the parameters of the convolutions for learning features

(@) number of convolutional layers, L
(b) convolutional layer output depth, =
(o) for each layer, set the filter sizes, K®, and

(d) filter strides, S
5. Determine the weights from the pre-trained model.

(a) get weights, Wpr and
(b) get bias, Bpp
6. For each layer, I, in 1..L:
(a) Calculate the convolutions (left side of Figure 3.2) to generate the Y;(1) for

layer, i
f(l—l)

yi(l) = (P(BPTi(l) + Z WpTZ(fJ). *y;.l*l))_,

j=1
(b) Calculate the pooling, replaces the output with the maximum value.
PY") = maz(y")
7. Reshape P(MV) to a vector of length (N’ x N’ x z(0) - yy®
8. Initialize a new training data set for class prediction layer
Xnpew = {(VVj,y;)|1 < j < M}
9. Initialize paramers for the prediction step, set

(a) total number of trees, Kk
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(b) regularization parameters, v and ),
(c) column subsampling parameter,
(d) maximum tree depth and

(e) learning rate

10. Determine the class labels for output:

Kk
Ui=o(YY) =Y fulz:), fr€F
k=1

where F = f(YY;) = wyyy)(¢ : RY — T,w € RT).

11. Calculate the optimal leaf weight for the best tree structure

" Zie]J gi

w;i = —

4 Yier hi + A
12. Calculate the quality of the tree structure, ¢, using the scoring function

2
1 iel. 9i
(Xier, 99) B

750 S ORNE J
) A AN

where T is the number of leaves in the tree

13. Calculate the best splitting points
1 ier, 99)° e, 99 (Fier 91)?

‘csizf —
R A2 DS e X 00 e i | D2 ot Ak v

14. Terminate

Our PT-XGB algorithm has overall time complexity:

O(Ld*mnpq) + O(r(Kt+og B))

which reduces to O(Ld*mnpq), where L is the number of layers, d is the number of
input or output channels, the data matrix has size m x n, the filter has size px ¢, 7 = ||z||
is the number of non-missing entries, K is the number of trees, t is the tree depth and
B is the block length.



Chapter 4

Experimental and Numerical results

4.1 Experimental and results for ConvXGB

4.1.1 Data sets used to evaluate ConvXGB

The data sets used to evaluate the model performance for classification prob-
lems were collected from the University of California at Irvine (UCI) Repository of ma-
chine learning data sets [59]. The data sets were chosen from several areas, including
data sets with few to very large numbers of instances and also sets where the number

of attributes was much greater than the number of instances - see Table 4.16.

4.1.2 Experimental Setup

In this experiment, we show the experiment using two types of data sets are im-
age classification (MNIST Lecun1998) and general data (Anuran Calls (MFCCs) [2], Breast
Cancer Wisconsin (Original) [3], DrivFace [4], Parkinsons [5], QSAR Biodegradation [6],
Sensorless Drive Diagnosis citeDua2017, and Waveform Database Generator (ver. 2) [2])
see in Table 4.1.

Image classification data sets: we used five-fold cross-validation to train and
test the models. Each data set was divided into three disjoint subsets. Then, four
subsets were used as a training set and the other subset was used as a testing set.
This process was repeated five times which each subsets was used exactly once as the
testing set.

General classification data sets: Anuran Calls (MFCCs), Breast Cancer Wisconsin
(Original), DrivFace, Parkinsons, QSAR Biodegradation, Sensorless Drive Diagnosis, Wave-
form Database Generator (ver. 2). We used three-fold cross-validation to train and test
the models. In addition, the results from each test set are shown the averaged and
standard deviation calculated.

We set the experimental parameters carefully to balance the resources used
while achieving good performance, guided by the time complexity of our model -
see Section 3.2.3. Initially, we set the number of the convolutional layers or num-
ber of maps, L = 2, and the output depth of the convolutional layer, z = 27, where
n = 1,2,..,10. The chosen z value sets a balance between performance and use of
resources: for example, if we choose the number of maps, z, as too small, then there
will be insufficient to represent all the features in the data, but, if we choose it too
large, then the data will be overfitted and the computation will need more memory

than the computer available. The actual values chosen are shown in Table 4.2. We set
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Table 4.1 Data sets used for ConvXGB

Features Filter Output
Data Set Instances Features Classes .
After Reshape Size  Depth
MNIST [1] 70,000 784 16,464 10 3%x3 64
Anuran Calls (MFCCs) [2] 7,195 22 800 60 3x3 32
Breast Cancer Wisconsin
699 10 512 2 4x4 32
(Original) [3]
DrivFace [4] 606 6,400 51,200 10 2x2 8
Parkinsons [5] 197 23 800 2 2x2 32
QSAR Biodegradation [6] 1,055 41 784 2 2x2 16
Sensorless Drive
58,509 49 1,568 11 2x2 32
Diagnosis [2]
Waveform Database
5,000 40 12,544 3 2x2 256

Generator (ver. 2) [2]

Table 4.2 Parameters in each layer of the ConvXGB model

Layer Type Input Kernel(k) Stride (S) Output
1 Input N’ x N’ na na N' x N’
2 Data Preprocessing N' x N! na na (N',N',1)
3 Convolutional (N, N’ 1) 2 x 2 1 (N',N', z(=1))
4 Convolutional (Nt N 20D 2 x 2 1 (N, N, z(1)
5 Reshape (N, N*,2) na na (N! x N' x z()
6 Class Prediction (N"x N’ x z) na na No. of Classes
7 Output na na na No. of Classes

na = not applicable

the filter size, K = 2 x 2 and the stride of the filter S, = 1 to enable small features to
be recognized.

4.1.3 Experimental Results

The results of our ConvXGB model were compared to other models shown in
Tables 4.30 - 4.32 including Convolutional Neural Network (CNN) [1], Extreme Gradi-
ent Boosting (XGBoost) [46], Decision Tree Classifier (DTC) [60], Multilayer Perceptron
(MLP) [61] and the Support Vector Classification (SVC) [62]. We tried to configure the
parameters in all cases to generate a fair comparison.

In the CNN model, the parameters in the convolutional layers were set according
to our model with the difference that CNN had an added pooling layer of size 2 x 2 and

the stride is set to 2, the numbers of neurons in the FC layer was 27, when n = 6,7, ..., 10.
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The XGBoost model was set similarly, with the same parameters as our model to fairly
evaluate performance. Using these parameters, the accuracy of the two modelswas
compared based on the same underlying resources. In the DTC model, the maximum
depth of the tree was expanded until all leaves are pure or until all leaves contain
less than minss = 2, where minss (minimum samples split) is the minimum number of
samples required to split an internal node. The Gini impurity was used as a criterion
for the function to measure the quality of a split.

For the MLP model, the numbers of neurons was 2", when n = 6,7, ..., 10, the
learning rate was set to 0.001 and we used four variants, using different activation
functions: linear (MLP1), sigmoid (MLP2), tanh (MLP3), and RelLU (MLP4).

The SVC model similarly was divided into four variants with differing kernel func-
tions: RBF (SVC1), linear (SVC2), polynomial (SVC3) and sigmoid (SVC4).In each variant,
the penalty parameter of the error term was set to C = 1.0. Consequently, a total of

11 models were used: the the properties are summarized in Table 4.3.

Table 4.3 The properties of the models used in the performance comparison

Models Parameters Details Ref. Time Complexity
ConvXGB  No. of Convolutional layer L = 2 Pooling = No - O(Ld*mnpq) + O(r(Kt + log B))

CNN No. of Convolutional layer L =2, Pooling = Yes  [1] O(Ld*mnpq) + O(M N hce)
XGBoost  Max depth = 3, Objective = Binary: Logistic [46] O(r(Kt + log B))

DTC Criterion = Gini, minss =2 [60] O(tM logN)

MLP1 Activation = Linear, Learning rate = 0.001 [61] O(M N hce)

MLP2 Activation = Sigmoid, Learning rate = 0.001 [61] O(M N hce)

MLP3  Activation = tanh, Learning rate = 0.001 [61] O(M Nhce)

MLP4 Activation = ReLU, Learning rate = 0.001 [61] O(M N hce)

SVC1 Kernel = RBF, ¢ = 1.0 [62] O(M?)

SvC2 Kernel = Linear, ¢ = 1.0 [62] O(M?)

SvC3 Kernel = Poly, C = 1.0 [62] O(M?)

SsvCa Kernel = Sigmoid, ¢ = 1.0 [62] O(M?)

Furthermore, Table 4.3 showed the time complexity of the models. We assume
that parameters for descriptions the time complexity see Table 4.4

We showed the actual results from each run on the algorithms, to demonstrate
the variation seen for different runs with different initial seeds. We used five-fold cross-
validation to train and test the models in image classification data set (MNIST [1]) see
Table 4.5, and general data (Anuran Calls (MFCCs) [2], Breast Cancer Wisconsin (Original)
[3], DrivFace [4], Parkinsons [5], QSAR Biodegradation [6], Sensorless Drive Diagnosis [2],
and Waveform Database Generator (ver. 2) [2]) see Tables 4.6 - 4.12.



Table 4.4 Parameters for descriptions the time complexity

Parameter Descriptions
L Number of layers
d Various of input or output channels
mxn Data matrix size
pXq Filter size
r=|z| Number of non-missing entries
K Number of trees
t Tree depth
B Block length
M Number of training sets
N Number of features or dimensions
h Number of hidden neurons

Number of classes

Number of epochs

Table 4.5 MNIST Data Set
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Testin
. ldg ConvXGB CNN XGBoost DTC | MLP1 MLP2 MLP3 MLP4 | SVC1 SVC2 SVC3 SCva
o
1 99.08 97.83 96.18 86.99 | 90.89 9650 96.43 96.70 | 94.14 91.57 83.42 9251
2 99.12 98.23 96.50 86.60 | 90.43 9655 96.46 96.32 | 94.17 92.00 83.00 9258
3 99.02 98.18 96.21 86.37 | 90.43 9633 96.33  96.68 | 94.06 91.77 8285 9242
4 99.12 98.50 96.21 86.23 | 90.40 96.13 96.18 96.73 | 93.55 91.49 82.77 92.07
5 99.14 98.08 96.07 86.94 | 90.06 9590 96.38 96.43 | 93.65 91.19 83.18 91.87
Ave. 99.10 98.16 96.24 86.62 | 90.44 96.28 96.36 96.57 | 93.91 91.60 83.04 92.29
Stdv. 00.01 00.24 00.14 00.30 | 00.27 00.24 00.10 00.16 | 00.26 00.27 00.23 00.27
Table 4.6 Anuran Calls (MFCCs) Data Set
Testing
Fold ConvXGB CNN XGBoost DTC | MLP1 MLP2 MLP3 MLP4 | SVC1 SVC2 SVC3 SCv4
(o]
89.75 85.45 85.24 73.16 | 83.53 80.24 8599 86.45 | 56.61 80.58 06.04 44.35
2 86.16 83.40 82.15 73.44 | 82.74 80.07 84.61 8528 | 56.09 79.36 06.26 4395
87.66 83.78 83.32 71.27 | 82.74 78.65 8457 8545 | 5359 79.07 06.38 41.78
Avg. 87.85 84.21 83.57 72.62 | 83.00 79.65 85.06 8573|5543 79.67 06.23 43.36
Stdv. 01.30 00.89 01.27 00.96 | 00.38 00.71 00.66 00.52 | 01.32 00.65 00.14 01.13




Table 4.7 Breast Cancer Wisconsin (Original) Data Set
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Testing

Fold ConvXGB CNN XGBoost DTC | MLP1 MLP2 MLP3 MLP4 | SVC1 SVC2 SVC3 SCva
o
98.28 95.28 95.71 95.71 | 61.37 6137 61.37 61.37 | 62.23 62.66 - 61.37
2 97.42 97.42 95.71 93.56 | 65.67 65.67 65.67 65.67 | 66.09 62.66 - 65.67
96.57 95.71 96.14 94.85 | 69.53 69.53 69.53 69.53 | 69.96 69.96 - 69.53
Avg. 97.42 96.14 95.85 94.71 | 65.52 6552 6552 6552 | 66.09 65.09 - 65.52
Stdv. 00.70 00.93 00.20 00.88 | 03.33 03.33 03.33 03.33 | 03.15 03.44 - 03.33
Note: SVC3 is not supported for Breast Cancer Wisconsin (Original) data set - marked with a 1.
Table 4.8 DrivFace Data Set
Testing
Fold ConvXGB CNN XGBoost DTC | MLP1 MLP2 MLP3 MLP4 | SVC1 SVC2 SVC3 SCv4
o
1 94.55 95.05 92.08 86.14 | 89.60 89.60 89.60 89.60 | 89.60 93.07 89.60 89.60
91.09 88.61 90.59 84.16 | 91.09 91.09 91.09 91.09 | 91.09 89.11 91.09 91.09
95.54 92.08 91.58 89.60 | 89.60 89.60 89.60 89.60 | 89.60 93.07 89.60 89.60
Avs. 93.73 91.91 91.42 86.63 | 90.10  90.10 90.10 90.10 | 90.10 91.75 90.10 90.10
Stdv. 01.91 02.63 00.62 02.25 | 00.70 00.70 = 00.70 ~ 00.70 | 00.70 01.87 00.70 00.70
Table 4.9 Parkinsons Data Set
Testing
Fold ConvXGB CNN XGBoost DTC | MLP1 MLP2 MLP3 MLP4 | SVC1 SVvC2 SVC3 SCv4a
o
1 95.38 89.23 100.0 9538 | 76.92 78.46 81.54 80.00 | 73.85 81.54 87.69 67.69
96.92 90.77 92.31 83.08 | 81.54 87.69 89.23 8154 |83.08 8769 87.69 8154
96.92 92.31 92.31 98.46 | 78.46 84.62 83.08 7692 | 78.46 84.62 90.77 7692
Avs. 96.41 90.77 94.87 9231 | 7897 8359 84.62 79.49 | 78.46 84.62 88.72 7538
Stdv. 00.73 01.26 03.63 06.65 | 01.92 03.84 0332 0192 | 03.77 0251 0145 0576
Table 4.10 QSAR Biodegradation Data Set
Testing
Fold ConvXGB CNN XGBoost DTC | MLP1 MLP2 MLP3 MLP4 | SVC1 SVvC2 SVC3 SCv4a
o
1 88.35 86.08 88.35 82.39 | 87.50 87.50 88.35 8835|8722 87.78 8750 65.62
87.78 86.36 86.93 81.25 | 85.80 86.08 85.51 86.08 | 80.11 8750 8295 64.77
89.14 87.18 87.46 80.06 | 83.19 84.33 86.04 8433|8575 8575 84.05 68.38
Avg. 88.44 86.54 87.58 81.23 | 8550 8597 86.63 86.25 | 84.36 87.01 84.83 66.26
Stdv. 00.57 00.47 00.59 00.95 | 01.77 01.30 01.23 01.65 | 03.06 00.90 01.94 01.54
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Table 4.11 Sensorless Drive Diagnosis Data Set

Testin

Fold $ ConvXGB CNN XGBoost DTC | MLP1 MLP2 MLP3 MLP4 | SVC1 SVC2 SVC3 SCv4

o)
1 99.56 93.85 98.88 98.20 | 87.63 9349 9448 89.80 | 2530 87.00 81.26 08.77
99.58 95.38 99.03 98.33 | 87.03 9437 9283 9146 | 2453 87.63 8059 08.87
99.57 95.38 98.98 98.28 | 88.99 9351 9340 90.08 | 24.85 86.95 80.80 09.27
Avg. 99.57 87.88 98.96 98.27 | 87.88 93.79 9357 90.45 | 2490 87.19 80.88 08.97
Stdv. 00.01 02.20 00.06 00.05 | 00.82 00.41 00.68 00.72 | 00.32 00.31 00.28 00.22

Table 4.12 Waveform Database Generator (ver. 2) Data Set

Testing
Fold

ConvXGB CNN XGBoost DTC | MLP1 MLP2 MLP3 MLP4 | SVC1 SVC2 SVC3 SCV4

85.66 81.88 85.48 71.99 | 85.66 86.26 83.14 8296 | 86.08 85.36 82.00 56.69
2 86.44 82.48 85.12 74.99 | 86.08 85.72 84.40 83.38 | 86.68 86.20 82.96 5753
88.00 83.73 84.45 74.31 | 86.43 86.73 84.27 8295 | 86.49 86.37 81.93 54.80

Avg. 86.70 82.70 85.02  73.76 | 86.06 86.24 8394 83.10 | 86.42 85.92 8230 56.34
Stdv. 00.97 00.77 00.43 01.28 | 00.32  00.41 00.57 00.20 | 00.25 00.42 00.47 01.14

In Table 4.3, we showed the accuracy of our system by comparing our model
with others, using data sets in Table 4.1, and also display the results as bar charts, see
Figures 4.1 - 4.8. In this experiment, we use a variety of data, both image, and general
data, to expand the scope of the classification problems. Including demonstrating the
ability of our model to support and handle for all classification data.

In Table 4.13, we compare our model and CNN, XGBoost, and DTC, for each
data set, ConvXGB provided better accuracy than other models, including CNN and
XGBoost - the prototypes for modeling - with an improvement by 0.9% to 11.7% (CNN)
and 0.6% to 4.3% (XGBoost). In addition, we improved on DTC by 1.3% to 15.3%.

Our model was comapared with the MLP family (MLP1-MLP4) models in Table
4.14: ConvXGB performed better than all models in that family by 0.5% to 31.9%.
Table 4.15 compares our models with those in the SVC family (SVC1-SVC4). Similarly,
ConvXGB gave better results than models in SVC family by 0.3% to 31.3%.

We show the results as bar charts - see Figures 4.1 - 4.8, again, some data sets are
not compatible with some model, i.e. in particular, Breast Cancer Wisconsin (Original)
data set does not support the SVC3 model, leaving gaps in the bar charts. It is clear
that our model, ConvXGB was effective in supporting all data sets (including general

classification problems) and provided accuracy better than other models.



Table 4.13 Our model compared with CNN, XGBoost and DTC
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Improvement (Impv.)

Data Set ConvXGB CNN XGBoost DTC
Acc.(%) | Acc.(%) Impv. | Acc.(%) Impv. | Acc.(%) Impv.
MNIST 99.1+0.1 | 98.2+0.2 0.9% | 96.2+0.1 2.9% | 86.6+0.3 12.5%
Anuran Calls (MFCCs) 87.9+1.3 | 84.2+0.9 3.7% | 83.6+£1.3 4.3% | 72.6+1.0 15.3%
Breast Cancer Wisconsin (Original) 97.44+0.7 | 96.1+£0.9 13% | 9594+0.2 1.5% | 94.7+0.9 2.7%
DrivFace 93.7+19 | 91.9+£26 18% | 91.44+0.6 23% | 86.6+23 7.1%
Parkinsons 96.4+0.7 | 90.8+1.3 5.6% | 94.94+3.6 1.5% | 92.3+6.7 4.1%
QSAR Biodegradation 88.4+0.6 | 86.5£0.5 1.9% | 87.6+£0.6 0.8% | 81.2+1.0 7.2%
Sensorless Drive Diagnosis 99.6+0.0 | 87.9£2.2 11.7% | 99.0+£0.1 0.6% | 98.3+0.1 1.3%
Waveform Database Generator (ver. 2) 86.74+1.0 | 82.740.8 4.0% | 85.0+0.4 1.7% | 73.841.3 12.9%
Note: Improvement to ConvXGB show in Impv. column.
Table 4.14 Our model compared with the MLP family
idlset ConvXGB | MLP1 MLP2 MLP3 MLP4 Improvement
Acc.(%) | Acc.(%) Acc.(%)  Acc(%)  Acc.(%)
MNIST 99.1+0.1 | 90.4+£0.3 96.3+0.2 96.4+0.1 196.6+0.1 2.5%
Anuran Calls (MFCCs) 87.9+1.3 | 83.0+£0.4 79.7+0.7 85.1+0.7 85.7+0.5 2.2%
Breast Cancer Wisconsin (Original) 97.4+0.7 | 65.5+£3.3 655+£3.3  65.5+3.3 65.5+3.3 31.9%
DrivFace 93.7+1.9 | 90.1+£0.7 90.14£0.7  90.1+£0.7  90.1+0.7 3.6%
Parkinsons 96.4+0.7 | 79.0+£1.9 83.6+3.8 {84.6£3.3 79.5+1.9 11.8%
QSAR Biodegradation 88.4+0.6 | 85.5+1.8 86.0+1.3 {86.6+1.2 86.3+1.7 1.8%
Sensorless Drive Diagnosis 99.6+0.0 | 87.9+0.8 193.8+£0.4 93.6+0.7  90.5+0.7 5.8%
Waveform Database Generator (Ver. 2) 86.7+1.0 | 86.1+0.3 186.2+0.4 83.9+0.4 83.1+0.2 0.5%
Note: Improvement shown as improverent of ConvXGB vs the best of MLP family - marked with a t.
Table 4.15 Our model compared with the SVC family
Data ConvXGB SVC1 svc2 SVC3 svca Improvement
Acc.(%) | Acc(%) Acc.(%)  Acc(%) Acc.(%)

MNIST 99.1+0.1 | 193.9+£0.3 91.64+0.3 83.0+£0.2 92.3+0.3 5.2%
Anuran Calls (MFCCs) 87.9+1.3 | 554413 79.7£0.7 06.2+0.1 43.4+1.1 8.2%
Breast Cancer Wisconsin (Original) 97.4+0.7 | t66.1+£3.2 65.1+3.4 - 65.54+3.3 31.3%
DrivFace 93.7+1.9 | 90.1£0.7 91.8£1.9 90.1+0.7 90.1+0.7 1.9%
Parkinsons 96.4+0.7 | 785+3.8 84.6+25 {88.7+1.5 754458 7.7%
QSAR Biodegradation 88.4+0.6 | 84.4+3.1 87.0+£0.9 84.841.9 66.3+1.5 1.4%
Sensorless Drive Diagnosis 99.6+0.0 | 249+0.3 87.2+0.3 80.9+0.3 09.0+0.2 12.4%
Waveform Database Generator (Ver. 2) 86.7+1.0 | 186.4+0.3 85.9+0.4 823+05 56.3+1.1 0.3%

Note: Improvement shown as improvement of ConvXGB vs the best of SVC family - marked with a 1.
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*SVC3 is not supported for Breast Cancer Wisconsin (Original) data set.
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4.2 Experimental and results for PT-XGB

4.2.1 Data sets used to evaluate PT-XGB

We evaluated performance of the model with 10 data sets for classification
problems, comprising 10 data sets received from the University of California at Irvine
(UCI) Repository of machine learning data sets [59]. Thus, we chose data sets from

many areas, including data sets ranging from a few to very large numbers of instances.

Table 4.16 Data sets used to evaluate PT-XGB

Features Filter Output
Data Set Instances Features Classes
After Reshape Size  Depth
Balance Scale [2] 625 4 32 3 3x3 32
Diabetic Retinopathy Debrecen [7] 1,151 20 16 2 3%x3 16
Image Segmentation [2] 2,310 19 32 7 3x3 32
ISOLET [2] 1,797 617 512 26 3%x3 32
Letter Recognition [2] 20,000 16 32 26 5x5 32
Optical Recognition of
5,620 64 32 10 3%x3 32
Handwritten Digits[2]
Pen-Based Recognition of
, , 10,992 16 32 10 3x3 32
Handwritten Digits [2]
Seismic Bumps [8] 2,584 19 32 2 3x3 32
Smartphone Based Recognition
of Human Activities and 10,929 561 288 12 3x3 32

Postural Transitions [9]
Wine [2] 178 13 32 3 3%x3 32
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4.2.2 Experimental Setup

We set the experimental parameters carefully to balance the resources used
while achieving good performance, guided by the time complexity of our model -
see Section 3.2.3. Initially, we set the number of the convolutional layers or number
of maps, L = 3, and the output depth of the convolutional layer, z = 27, where n =
1,2,...,5. The chosen z value sets a balance between performance and use of resources.
We set the filter size, K, to 2 x 2 and 3 x 3, depending on the size of the training set. If
K is small, accuracy will be high, but the convolution operation will be repeated many
times and consume computation time. On the other hand, if K is too large, accuracy
may suffer (the filter size will not be larger than the training set). Additionally, a small
stride of the filter S, = 1 enables small features to be recognized. The parameters set
in our model in each layer are shown in Table 4.17.

In this experiment, we used three-fold cross-validation to train and test the
models. Each data set was divided into three disjoint subsets. Then, two subsets was
used as a training set and the other subset was used as a testing set. This was repeated
three times: each subset was used exactly once as the testing set. The result from

each testing set were averaged and a standard deviation was calculated.

Table 4.17 Parameters in each layer of the PT-XGB model

Layer Name Type Input Filter Stride Output
L1 Input N’ x N’ na na N’ x N’
L2 Data Preprocessing N’ x N’ na na (N',N’,1)
L3 Convolutional (N',N', 1) Iy X dg 1 (N',N’, 2(L=2)
L4* Max-Pooling (Pooll) (N, N’,2(E=2)  h, xd,  h,xd, Pooll
L5 Convolutional Pool1 hi X dj 1 (N',N’, z(L=1)
L6* Max-Pooling (Pool2)  (NV/,N", 2(F=) " h, x dy  hy x d, Pool2
L7 Convolutional Pool2 hy % dy, 1 (N', N’ 2(1))
L8* Max-Pooling (Pool3) (N, N’,2H))  h,xd,  hy,xd, Pool3
L9 Reshape Pool3 na na N’ x N x 2(1)
L10 Class Prediction N’ x N' x z(£) na na No. of Classes
L11 Output na na na No. of Classes

Notes: * Added for ConvXGB and na = not applicable

PT-XGB model was compared with other models i.e. , Convolutional Neural
Network (CNN) [1], Extreme Gradient Boosting (XGBoost) [46], Logistic Regression (LR)
[63, 64, 65], Extra Trees Classifier (ETC) [66], Gradient Boosting Classifier (GBC) [67, 68, 69],
Random Forest Classifier (RFC) [70], Gaussian Naive Bayes (GNB) [71], Decision Tree Clas-
sifier (DTC) [60], Multilayer Perceptron (MLP) [61] and the Support Vector Classification
(SVQ) [62] - see Tables 4.30 - 4.32.
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Table 4.18 Properties of models used in performance comparison

Models Parameters Details Ref. Time Complexity
PT-XGB No. of Conv. layer L =3 - O(Ld*mnpq) + O(r(Kt + log B))
ConvXGB No. of Conv. layer L =3 - O(Ld*mnpq) + O(r(Kt + log B))
CNN* No. of Conv. layer L =3 (1] O(Ld*mnpq) + O(M Nhce)
XGBoost  Max_depth =3 [46] O(r(Kt + log B))

LR Tol = 0.0001, C=1.0 (63, 64, 65] O(MN) to O(MN?)

ETC Criterion = Gini, MinSS = 2 [66] O(MNK)

GBC Max_depth = 3, MinSS = 2 [67, 68, 69] O(MNK)

RFC Criterion = Gini, MinSS = 2 [70] O(KtMN logN)

GNB Var_Smoothing = 1e-09 [71] O(Mc)

DTC Criterion = Gini, MinSS = 2 [60] O(tMog N)

MLP1 Activation = Linear [61] O(M N hce)

MLP2 Activation = Sigmoid [61] O(M N hce)

MLP3 Activation = tanh [61] O(M N hce)

MLP4 Activation = Rel.U [61] O(M N hce)

SVC1 Kernel = RBF, ¢ = 1.0 [62] O(M?3)

SVC2 Kernel = Linear , C = 1.0 [62] O(M?3)

SVC3 Kernel = Poly, C = 1.0 (62] O(M?)

SvC4 Kernel = Sigmoid, C = 1.0 [62] O(M?3)

Notes: * CNN only handle image data and requires adaptation of the data our pre-processing module.

For the CNN model, the parameters were set to the same as those for our
model, PT-XGB. The number of neurons in the FC class was 2, when n = 8,9,10. In
general, CNN supports image data only, but for our experiments, we added our data
preprocessing (see Section 3.1.4) step to CNN to facilitate comparison with general data
from UCI [59]. The XGBoost model was set similarly, with parameters matching those
in the class prediction layer of our model, to fairly evaluate performance.

In addition, we evaluataed four variants of the MLP model, with different ac-
tivation functions: linear (MLP1), sigmoid (MLP2), tanh (MLP3), and ReLU (MLP4). The
numbers of neurons was 27, when n = 8,9,10 and the learning rate was set to 0.001.
Similarly, four variants of the SVC model were tested with differing kernel functions:
RBF (SVC1), linear (SVC2), polynomial (SVC3) and sigmoid (SVC4). In total, there were
17 models, including, LR, ETC, GBC, RFC, GNB and DTC. The effectiveness of our model
and properties are summarized in Table 4.18

Furthermore, Table 4.18 shows the time complexity of the models. We assume

that parameters for descriptions the time complexity see Table 4.4
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Table 4.19 Run time of our model compared with CNN and ConvXGB

Run Time
Data set PT-XGB ConvXGB CNN
time time Imp. time Imp.

Balance Scale [2]* 0.2s 24x10%s 8.3x107* | 19x10ts  1.1x107°
Diabetic Retinopathy Debrecen [7] * 0.2s 1.5x10s  1.3x1072 | 4.7x10*s 4.3 x10~*
Image Segmentation [2] t 13s 2.7x10%s 4.8x107* | 7.0x102s  1.9x1073
ISOLET [2] 1.0x10% s | 2.4x10* s 4.2x107% | 4.3x10* s 2.3x1073
Letter Recognition [2] 59x10s | 1.1x10°s 5.4x107* | 6.1x10*s  9.7x10~*
Optical Recognition of Handwritten Digits[2] * 34s 7.0x10%s 4.9x1073 | 2.7x10%s  1.3x1073
Pen-Based Recognition of Handwritten Digits [2] * 6.1s 4.1x10%s 1.5x1072 | 4.4x10 s 1.4x1071
Seismic Bumps [8] 0.2s 20x10*s  1.0x107* | 9.0x10*s  2.2x10~*
Smartphone-Based Recognition of Human - ) )

8.0x10s | 1.9x10*s 4.2x1073 | 5.6x10*s  1.4x1073
Activities and Postural Transitions [9]
Wine [2] T 0.2s 1.8x10s  1.1x1072 | 1.6x10*s  1.3x1073

Figures in the ‘Imp.” column show the time for PT-XGB as a fraction of the other algorithm.

4.2.3 Experimental Results

PT-XGB, with pre-trained weights, was more efficient, because using weights
obtained from pre-training instead of the loop to re-adjust weights to find the optimal
weights. Training times (for deep learning model) for our model, ConvXGB and CNN are
shown in Table 4.19.

PT-XGB was faster than both ConvXGB and CNN: it used only one epoch of
training as with ConvXGB, while CNN used 1,000 epochs. However, the weights were
derived from pre-trained model and it reduced the training data size in the pooling
layer. Thus, relative time improvements vs PT-XGB as a fraction of the original time,
ranged from 0.0001 to 0.015 for ConvXGB and 0.000011 to 0.14 for CNN. Although, PT-
XGB has time complexity as ConvXGB, O(Ld*mnpq) + O(r(Kt + log B)) see Table 4.18.
PT-XGB was several hundred times faster than ConvXGB, due to the factor of features
after reshaped, PT-XGB reduce the size of the features after reshaped by downsampling
in pooling layer. Therefore, the run time in training phase was less than ConvXGB. The
accuracy was similarly improved, compare of PT-XGB with both CNN and ConvXGB -
see Table 4.30.

We showed the actual results from each run on the algorithms, to demonstrate
the variation seen for different runs with different initial seeds. We used three-fold
cross-validation to train and test the models in general data ( Balance Scale [2], Diabetic
Retinopathy Debrecen [7], Image Segmentation [2], ISOLET [2], Letter Recognition [2]
, Optical Recognition of Handwritten Digits[2], Pen-Based Recognition of Handwritten

Digits [2], Seismic Bumps [8] Smartphone-Based Recognition of Human Activities and

TSystem Specifications— Processor: Intel® Core™ i5-4570 CPU @ 3.20GHz, Memory: 4.0 GiB, OS: Ubuntu
18.04.1LTS.



Postural Transitions [9], and Wine [2] ) see Tables 4.20 - 4.29.

Table 4.20 Balance Scale Data Set Data Set
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Testing Fold PT-XGB ConvXGB CNN XGBoost LR ETC GBC RFC GNB DTC
1 100.0 98.09 99.52 84.21 86.60 80.38 84.69 84.21 86.12 75.60
2 99.52 95.67 98.08 85.58 86.60 82.21 85.10 84.62 86.06 79.81
3 99.52 93.75 98.56 82.21 89.42 78.85 82.69 7885 90.38 78.37
Avg. 99.68 95.84 98.72 84.00 87.54 80.48 84.16 8256 8752 7792
Stdv. 00.27 01.77 00.73 01.69 01.63 01.68 01.29 03.22 0248 02.14
Testing fold PT-XGB MLP1 MLP2 MLP3 MLP4 SCV1 SCV2 SCV3 SCv4a
1 100.0 86.12 87.56 84.69 89.95 89.47 9234 100.0 43.54
2 99.52 85.58 85.58 86.06 88.46 89.42 9135 99.04 41.35
99.52 89.42 89.90 89.90 91.35 87.50 9135 99.52 39.42
Avg. 99.68 87.04 87.68 86.88 89.92 88.80 91.68 99.52 41.44
Stdv. 00.27 02.08 02.16 02.70 01.45 01.12 0057 00.48 02.06
Table 4.21 Diabetic Retinopathy Debrecen
Testing Fold PT-XGB ConvXGB CNN XGBoost LR ETC GBC RFC GNB DTC
92.97 74.74 76.04 68.75 73.18 67.45 66.41 6536 60.42 60.68
2 88.77 75.26 80.99 65.62 73.70 6536 69.01 6354 60.16 56.77
94.79 74.67 76.50 66.84 75.72 64.49 7154 67.62 58.22 61.36
Avg. 92.18 74.89 77.84 67.07 74.20 65.77 6899 6551 59.60 59.60
Stdv. 03.09 00.26 02.73 01.58 01.34 01.52 0257 02.04 01.20 02.48
Testing fold PT-XGB MLP1 MLP2 MLP3 MLP4 SCV1 SCV2 SCV3 SCv4d
1 92.97 70.05 70.57 73.18 68.49 55.73 7292 7057 51.82
2 88.77 71.61 70.57 72.14 7135 56.77 7474 6458 52.60
94.79 74.41 71.80 77.81 71.80 59.27 7572 68.67 54.83
Avg. 92.18 72.03 70.98 74.37 70.55 5726 74.46 6794 53.09
Stdv. 03.09 02.21 00.71 03.02 01.80 01.82 01.42 03.06 01.56




Table 4.22 Image Segmentation Data Set
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Testing Fold PT-XGB ConvXGB CNN XGBoost LR ETC GBC RFC GNB DTC
1 99.87 96.75 98.05 96.75 90.00 97.14 96.62 96.62 78.70 9571
2 98.83 97.79 98.70 98.18 91.82 96.88 97.79 97.27 81.04 96.10
99.48 97.01 98.83 97.92 92.08 96.88 9792 96.49 79.22 96.23
Avg. 99.39 97.18 98.53 97.62 91.30 96.97 97.45 96.80 79.65 96.02
Stdv. 00.53 00.44 00.42 00.76 01.13 00.15 00.72 00.42 01.23 00.27
Testing fold PT-XGB MLP1 MLP2 MLP3 MLP4 SCV1 SCV2 SCv3 SCva
99.87 85.45 94.42 95.58 93.38 5351 9506 9584 13.25
2 98.83 89.74 94.55 94.81 9532 5494 9571 9584 13.12
99.48 82.86 97227 95.84 96.49 5455 97.14 9532 1377
Avg. 99.39 86.02 95.41 95.41 95.06 54.33 9597 95.67 13.38
Stdv. 00.53 03.47 01.61 00.54 01.57 00.74 01.06 00.30 00.34
Table 4.23 ISOLET Data Set
Testing Fold PT-XGB ConvXGB CNN  XGBoost LR ETC GBC RFC GNB DTC
1 99.12 94.77 96.54 95.19 96.61 89.65 9219 89.73 84.49 80.57
2 99.38 95.23 96.69 94.00 9592 88.42 9184 89.15 8211 78.68
99.19 95.50 96.61 95.04 95.42 89.42 92.88 89.19 82.38 81.80
Ave. 99.23 95.17 96.61 94.74 9599 89.16 9230 89.35 8299 80.35
Stdv. 00.13 00.30 00.08 00.65 00.60 00.65 00.53 00.32 01.30 01.57
Testing fold PT-XGB MLP1 MLP2  MLP3  MLP4 SCV1 SCV2 SCV3 SCva
99.12 96.27 96.81 96.42 96.38 95.11 96.84 90.30 93.88
2 99.38 96.23 96.46 96.65 96.31 95.00 96.08 88.42 94.00
99.19 95.04 95.77 95.73 95.19 94.73 9577 87.92 93.46
Avg. 99.23 95.84 96.34 96.27 9596 9495 96.23 88.88 93.78
Stdv. 00.13 00.70 00.53 00.48 00.67 00.20 00.55 01.25 00.28




Table 4.24 | etter Recognition Data Set
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Testing Fold PT-XGB ConvXGB CNN XGBoost LR ETC GBC RFC GNB DTC
1 99.75 95.35 97.47 88.06 76.11 9384 9174 9349 63.88 86.49
2 99.67 94.86 97.91 87.67 7546 93.63 91.03 9274 64.57 86.79
99.67 95.12 98.22 88.31 76.18 9395 9176 9277 64.82 87.10
Avg. 99.70 95.11 97.87 88.02 7592 93.81 9151 93.00 64.43 86.79
Stdv. 00.05 00.04 00.38 00.32 00.40 00.16 00.42 00.42 0049 00.31
Testing fold PT-XGB MLP1 MLP2 MLP3 MLP4 SCV1 SCV2 SCv3 SCva
99.75 75.25 92.02 93.30 91.26 96.96 8559 94.44 03.69
2 99.67 75.60 91.92 93.70 90.30 96.67 84.72 9453 03.63
99.67 75.49 92.29 92.71 90.79 97.06 8497 9457 03.53
Avg. 99.70 75.45 92.08 93.23 90.78 96.90 85.09 9451 03.61
Stdv. 00.05 00.18 00.19 00.50 00.48 00.20 00.45 00.07 00.08
Table 4.25 Optical Recognition of Handwritten Digits Data Set
Testing Fold PT-XGB ConvXGB CNN  XGBoost LR ETC GBC RFC GNB DTC
1 100.0 98.56 98.88 97.44 95.78 96.85 97.01 9557 75.19 88.63
2 100.0 98.08 98.72 97.12 97.12 97.22 9754 96.10 79.93 89.8
99.95 97.97 98.88 97.76 96.05 96.21 97.70 9594 84.09 89.32
Avg. 99.98 98.20 98.83 97.44 96.32 96.76 97.42 9587 79.73 89.25
Stdv. 00.03 00.26 00.09 00.26 00.71 00.51 00.36 00.27 04.45 00.59
Testing fold PT-XGB MLP1 MLP2 MLP3 MLP4 SCV1 SCV2 SCV3 SCv4d
100.0 95.41 97.92 97.49 97.17 6537 97.65 98.72 08.86
2 100.0 96.58 98.24 98.18 98.3d 65.67 97.92 9899 09.45
99.95 96.37 98.02 97.97 98.13 60.01 9797 98.77 08381
Avg. 99.98 96.12 98.06 97.88 97.88 63.68 97.85 98.83 09.04
Stdv. 00.03 00.62 00.16 00.35 00.62 03.18 00.17 00.14 00.36




Table 4.26 Pen Based Recognition of Handwritten Digitsn Data Set
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Testing Fold PT-XGB ConvXGB CNN XGBoost LR ETC GBC RFC GNB DTC
1 99.92 99.34 99.67 97.79 93.78 99.04 9836 9825 86.05 9514
2 99.89 99.43 99.62 98.58 93.18 98.77 9899 98.69 8507 96.40
99.92 99.43 99.65 98.58 94.32 98.80 9858 98.77 8575 9596
Avg. 99.91 99.40 99.65 98.32 93.76 98.87 98.64 9857 8563 9583
Stdv. 00.02 00.04 00.03 00.46 00.57 00.15 00.32 00.28 00.50 00.64
Testing fold PT-XGB MLP1 MLP2 MLP3 MLP4 SCV1l SCvV2 SCV3 SCva
99.92 91.54 98.99 98.94 98.83 10.04 97.63 99.45 09.53
2 99.89 90.67 99.43 98.83 98.50 12.75 97.68 99.21 10.34
99.92 92.69 99.29 99.10 98.74 1146 97.46 99.40 10.07
Avg. 99.91 91.63 99.24 98.95 98.69 11.42 97.59 99.35 09.98
Stdv. 00.02 01.01 00.22 00.14 00.17 0136 00.12 00.13 00.41
Table 4.27 Seismic Bumps Data Set
Testing Fold PT-XGB ConvXGB CNN  XGBoost LR ETC GBC RFC GNB DTC
1 95.24 90.95 91.42 91.07 90.37 91.07 90.72 91.07 88.75 87.35
2 95.24 94.54 95.24 95.59 91.29 9350 9431 9454 91.17 88.04
95.24 92.68 93.73 93.26 89.90 9164 9280 9222 9082 8792
Avg. 95.24 92.72 93.46 93.31 90.52 92.07 92.61 92.61 90.25 87.77
Stdv. 00.00 01.47 01.92 02.26 00.71 01.27 01.80 01.77 01.31 00.37
Testing fold PT-XGB MLP1 MLP2 MLP3 MLP4 SCV1l SCvV2 SCV3 SCva
95.24 91.30 91.30 91.30 89.68 91.30 91.30 - 91.30
2 95.24 79.33 95.24 95.24 95.01 9524 9501 - 95.24
95.24 93.61 93.73 93.73 9350 93.73 9361 - 93.73
Avg. 95.24 88.08 93.42 93.42 9273 9342 9331 - 93.42
Stdv. 00.00 07.67 01.99 01.99 02.75 0199 01.87 - 01.99

Note: SVC3 is not supported for Seismic Bumps data set - marked with a .
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Table 4.28 Smartphone Based Recognition of Human Activities and Postural Transitions Data Set

Testing Fold PT-XGB ConvXGB CNN XGBoost LR ETC GBC RFC GNB DTC

1 99.56 97.31 97.61 97.04 96.24 9399 96.76 94.26 70.22 90.53

2 99.26 97.20 97.80 97.09 96.60 9391 9693 9454 7343 90.42
99.20 97.34 98.11 97.06 96.95 9396 96.87 94.84 7392 90.89

Avg. 99.34 97.28 97.84 97.06 96.60 93.95 96.85 9455 7252 90.61
Stdv. 00.19 00.06 00.25 00.03 00.36  00.04 00.09 00.29 02.01 00.25

Testing fold PT-XGB MLP1 MLP2  MLP3 MLP4 SCVl SCv2 SCV3 SCv4

99.56 96.10 96.79 96.71 96.62 9248 97.15 89.13 89.76

2 99.26 96.21 97.01 96.68 9594 9182 97.20 88.09 88.77
99.20 96.73 96.76 97.06 96.10 9286 97.39 88.25 89.46

Avg. 99.34 96.35 96.85 96.82 96.22 9239 9725 88.49 89.33
Stdv. 00.019 00.34 00.14 00.21 00.36 00.53 00.13 00.56 00.51

Table 4.29 Wine Data Set

Testing Fold PT-XGB ConvXGB CNN  XGBoost LR ETC GBC RFC GNB DTC

1 100.0 93.33 100.0 69.56 93.33  95.00 96.67 96.67 96.67 90.00

2 100.0 91.53 91.53 69.37 9322 9492 9153 96.61 9831 91.53
100.0 93.22 100.0 68.76 93.22 9153 9153 9831 9831 93.22

Avg. 100.0 92.69 97.18 69.23 93.26 9381 9324 97.19 97.76 91.58
Stdv. 00.00 00.83 04.89 00.42 00.06 01.98 0297 0096 00.95 01.61

Testing fold PT-XGB MLP1 MLP2  MLP3  MLP4 SCV1l SCV2 SCv3 SCva

100.0 40.00 93.33 91.67 38.33 38.33 9333 95.00 38.33

2 100.0 4237 94.92 94.92 3220 5254 9492 9831 44.07
100.0 37.29 93.22 94.92 3220 4237 9492 9322 37.29

Avg. 100.0 39.89 93.82 93.83 34.25 4442 9439 9551 39.90
Stdv. 00.00 02.54 00.95 01.88 0354 07.32 0092 0258 03.65

We evaluated the PT-XGB performance by comparing its accuracy with 17 mod-
els on 10 test data sets - see Tables 4.30 - 4.34. Data restrictions, noted in the table,
prevented comparison for some models.

Table 4.30 showed the comparison of our model with ConvXGB, CNN and XG-
Boost. These models are our previous work (ConvXGB) and as prototypes for our model
(CNN and XGBoost). However, evaluating the performance all data set. Our models
provided higher accuracy than all models, with accuracy higher than ConvXGB (0.5% to
17.3%), CNN (0.2% to 14.4%), and XGBoost (1.8% - 30.8%).

Table 4.31 showed the comparison of our model with LT, ETC, and GBC and
with RFC, GNB, and DTC in Table 4.32. Again, our model provided accuracy higher than
LT (2.7% - 23.8%), ETC (1.0% - 26.4%), GBC (1.3% - 25.2%), LT (1.3% - 56.7%), GNB (2.2%
- 35.3%) and DTC (3.4% - 32.6%).
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Tables 4.33 - 4.34 showed the comparison of our model with the MLP family
and the SVC family in Table 4.33, our model provides accuracy higher than the MLP
family (0.7% - 17.8%) and Table 4.34 the SVC family (0.2% - 17.7%).

Finally, Figures 4.9 - 4.18, we showed the accuracy of our system by comparing
our model with others, using data sets in Table 4.16, and also display the results as bar
charts.

Table 4.30 Our model compared with ConvXGB, CNN and XGBoost

Improvement (Imp.)
Data set PT-XGB ConvXGB CNN XGBoost
Acc.(%) | Acc.(%) Imp. | Acc.(%) Imp. | Acc.(%) Imp.

Balance Scale 99.7+0.3 | 95.8£1.8  3.9% | 98.7+0.7 1% | 84.0+1.7 15.7%
Diabetic Retinopathy Debrecen 92.243.1 | 74.9+0.3 17.3% | 77.8+2.7 14.4% | 67.1+1.6 25.1%
Image Segmentation 99.4+0.5 | 97.2+£0.4  2.2% | 98.5£0.4  0.9% | 97.6+0.8 1.8%
ISOLET 99.240.1 | 95.2+0.3 4% | 96.6£0.1  2.6% | 94.7+0.7  4.5%
Letter Recognition 99.7+0.1 | 95.1+£0.2 ~ 4.1% | 97.9+0.4  1.8% | 88.0+0.3 11.7%

Optical Recognition of Handwritten Digits 100.0+0.0 | 98.2£0.3  1.8% | 98.8+0.1  1.2% | 97.4+£03 2.6%
Pen-Based Recognition of Handwritten Digits ~ 99.940.0 | 99.440.0  0.5% | 99.7+0.0  0.2% | 98.3+0.5 1.6%
Seismic Bumps 95.2+0.0 | 92.7+£1.5  25% | 93.5£0.9 1.8% | 93.3+23  1.9%
Smartphone-Based Recognition of Human -

7 X 99.3+0.2 | 97.30.1 2% | 97.840.3 1.5% | 97.1£0.0 2.2%
Activities and Postural Transitions

Wine 100.0+0.0 | 92.7£0.8  7.3% | 97.244.9 2.8% | 68.2+0.4 30.8%

Note: Improvement vs PT-XGB are shown in the ‘Imp.” column.

Table 4.31 Our model compared with LR, ETC and GBC

Improvement (Imp.)
Data set PT-XGB LR ETC GBC
Acc.(%) | Acc.(%) Imp. | Acc.(%) Imp. | Acc.(%) Imp.

Balance Scale 99.7+0.3 | 87.5£1.6 12.2% | 80.5+£1.7 19.2% | 84.2+1.3 155%
Diabetic Retinopathy Debrecen 92.2+3.1 | 74.2+1.3 18.0% | 65.8+1.5 26.4% | 67.0+£2.6 25.2%
Image Segmentation 99.4+0.5 | 91.3+1.1  8.1% | 97.0+0.2 2.4% | 97.5+0.7  1.9%
ISOLET 99.2+0.1 | 96.0+£0.6  3.2% | 89.2+£0.7 10.0% | 92.3+0.5 6.9%
Letter Recognition 99.7+0.1 | 75.9+0.4 238% | 93.8+0.2 59% | 91.5+0.4  8.2%

Optical Recognition of Handwritten Digits 100.0+£0.0 | 96.3+£0.7  3.7% | 96.8+0.5 3.2% | 97.4+0.4 2.6%
Pen-Based Recognition of Handwritten Digits ~ 99.9+£0.0 | 93.840.6  6.1% | 98.9+0.2  1.0% | 98.6+0.3  1.3%
Seismic Bumps 95.2+0.0 | 90.5+0.7  4.7% | 92.1+1.3  3.1% | 92.6+1.8 2.6%
Smartphone-Based Recognition of Human -
o N 99.3+0.2 | 96.6+£04  2.7% | 94.0£0.0 5.3% | 96.9+£0.1  2.4%
Activities and Postural Transitions

Wine 100.0+0.0 | 93.3+0.1  6.7% | 93.842.0 6.2% | 93.2+3.0 6.8%

Note: Improvement to PT-XGB show in ‘Imp.” column.



Table 4.32 Our model compared with RFC, GNB and DTC
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Improvement (Imp.)

Data set PT-XGB RFC GNB DTC
Acc.(%) | Acc.(%)  Imp. | Acc.(%)  Imp. | Acc.(%)  Imp.
Balance Scale 99.7+0.3 | 82.6+£3.2 17.1% | 87.5+25 12.2% | 77.9+2.1 21.8%
Diabetic Retinopathy Debrecen 92.24+3.1 | 65.54£2.0 56.7% | 59.6+£1.2 32.6% | 59.6+£2.5 32.6%
Image Segmentation 99.4+0.5 | 96.8+£0.4 2.6% | 79.7+1.2 19.7% | 96.0+£0.3  3.4%
ISOLET 99.2+0.1 | 89.4+£0.3  9.8% | 83.0+1.3 16.2% | 80.4+1.6 18.8%
Letter Recognition 99.7+0.1 | 93.0+£0.4  6.7% | 64.4+0.5 353% | 86.8+0.3 12.9%
Optical Recognition of Handwritten Digits 100.04+0.0 | 95.9+0.3 4.1% | 79.7+45 20.3% | 89.3+0.6 10.7%
Pen-Based Recognition of Handwritten Digits ~ 99.94+0.0 | 98.6+0.3  1.3% | 85.6+0.5 14.3% | 95.840.6 4.1%
Seismic Bumps 95.2+0.0 | 92.6+1.8 2.6% | 90.3+1.3  4.9% | 87.8+0.4 7.4%
Smartphone-Based Recognition of Human -
o N 99.3+0.2 | 94.6+£0.3  4.7% | 72.5+2.0 26.8% | 90.6+0.3  8.7%
Activities and Postural Transitions
Wine 100.0+£0.0 | 97.2+1.0  2.8% | 97.8+1.0 2.2% | 91.6+1.6 8.4%
Note: Improvement vs PT-XGB shown in “Imp.” column.
Table 4.33 Our model compared with the MLP family
f. ot PT-XGB MLP1 MLP2 MLP3 MLP4 Improvement
Acc.(%) | Acc.(%)  Acc(%)  Acc.(%)  Acc.(%)
Balance Scale 99.740.3 | 87.04£2.0 87.7+2.2  86.9+2.7 189.9+15 9.8%
Diabetic Retinopathy Debrecen 92.243.1 | 72.0+£2.2 71.0+0.7 {74.4+3.0  70.6+1.8 17.8%
Image Segmentation 99.4+0.5 | 86.0+£3.5 195.4+1.6 1954405 95.1+1.6 4.0%
ISOLET 99.2+0.1 | 95.8+0.7 196.3+£0.5 196.3+0.5 96.0+0.7 2.9%
Letter Recognition 99.7+0.1 | 75.5+0.2 92.1+0.2 193.2+0.5 90.84+0.5 6.5%
Optical Recognition of Handwritten Digits 100.0£0.0 | 96.1+0.6 ~ 198.1+£0.2 97.9+£0.4  97.9+0.6 1.9%
Pen-Based Recognition of Handwritten Digits =~ 99.9+0.0 | 91.6+£1.0 199.240.2 =~ 99.0+0.1  98.7+0.2 0.7%
Seismic Bumps 95.240.0 | 88.14&7.7 193.4+2.0 193.4+£2.0 92.7+2.8 1.8%
Smartphone-Based Recognition of Human -
activities NN Transior 99.3+0.2 | 96.440.3 196.9+0.1  96.8+0.2 96.2+0.4 2.0%
Wine 100.0+£0.0 | 39.9+£2.5 = 93.841.0 193.8+£1.9  34.343.5 6.2%

Note: Improvement shown as improvement of PT-XGB vs the best of the MLP family - marked with a 1.



Table 4.34 Our model compared with the SVC family

a4

PT-XGB SvC1 SvC2 SvC3 svca
Data set Improvement
Acc.(%) | Acc.(%) Acc.(%) Acc.(%)  Acc.(%)
Balance Scale 99.7+0.3 | 88.8+1.1 91.7+0.6 1{99.5+0.5 41.4+2.1 0.2%
Diabetic Retinopathy Debrecen 92.2+3.1 | 57.3+£1.8 {74.5+1.4 67.9+3.1 53.1+1.6 17.7%
Image Segmentation 99.4+0.5 | 54.3+£0.7 196.0+1.0 957+0.3 13.4+0.3 3.4%
ISOLET 99.2+0.1 | 95.0+0.2 {96.2+0.6 88.9+1.3 93.840.3 3.0%
Letter Recognition 99.7+0.1 | 196.9+0.2 85.1+0.5 94.5+0.1 03.6+0.1 2.8%
Optical Recognition of Handwritten Digits 100.0+0.0 | 63.7£3.2 97.9+0.2 198.8+0.1  09.0+0.4 1.2%
Pen-Based Recognition of Handwritten Digits ~ 99.940.0 | 11.4+1.4 97.6+0.1 199.4+0.1  10.04+0.1 0.5%
Seismic Bumps 95.240.0 | 193.4+2.0 93.3+1.9 - 193.4+2.0 1.8%
Smartphone-Based Recognition of Human -
o . 99.3+0.2 | 924405 197.3+0.1 88.5£0.6 89.3+0.5 2.0%
Activities and Postural Transitions
Wine 100.0+£0.0 | 44.4+7.3  94.4+0.9 {95.54+2.6  39.9+3.7 4.5%

Note: Improvement shown as improvement of PT-XGB vs the best of the SVC family - marked with a 1.

SVC3 is not supported for Seismic Bumps data set.

Balance Scale Data Set
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Figure 4.9 PT-XGB vs all models for the
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Chapter 5
Conclusions

We developed a new deep learning model for classification problems. Con-
vXGB, This model has two parts: one for feature learning and one to predict the class
labels. We assessed ConvXGB, not only on image data, but also on some general data
sets, which used our data preprocessing module. ConvXGB was simplified by reducing
the number of needed parameters and did not require back propagation in the fully
connected layer. The feature learning was also automatic. In addition, the number of
the convolution layers can be increased, depending on the data.

ConvXGB was based on CNN and XGBoost, but our experimental results show
that it was always slightly better and generally significantly better than these two mod-
els and also other models, which are often used as modeling prototypes e.g. the
traditional DTC, MLP and SVC families. CNN also generally performed well and ap-
proached our results for some data sets, e.¢. the Breast Cancer data set. XGBoost
showed the next best result: in one instance, it returned 100% for the Parkinsons data
set, but its average was slightly worse than our ConvXGB.

PT-XGB extended and improved our previous work on Convolutional Extreme
Gradient Boosting (ConvXGB) for classification problems; it covers both general and
image data as in ConvXGB. Pre-trained weights, obtained from the pre-trained module,
meant that PT-XGB did not need to re-adjust the weights to find optimal weights in
the training process. Therefore, the training time was significantly reduced compared
to ConvXGB and conventional CNN. In addition, accuracy also increased for PT-XGB.

Overall, results from several classification problems, found in common bench-
mark data sets, showed that our model improved on our previous work (ConvXGB) and
models used as prototypes for our model (CNN and XGBoost) as well as a selection
of other commonly used models, e.¢. LR, ETC, GBC, RFC, GNB, and DTC, including MLP
and SVC families.

A survey and review state of the art and research challenges for human activity
recognition, our pre-training weight method has not been explained, which challenges
the further development of the research in the future. Therefore, our pre-training
weight method is a new thing for other general classification problems. It opens the
issue of challenging problems for future development and research improvement. PT-
XGB has expanded the potential of deep learning techniques. Pre-training context, we
obtain a set of weights from the pre-training model, CNN was used as a prototype. Note
that the weights used must be received from the pre-training model whose parameters
are set as same our model, i.e. number of convolutional layers, L, etc.

In addition, PT-XGB has been described as a limitation. The number of convo-
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lutional layers, L in training procedure and number of tree, K in prediction procedure,
PT-XGB can be increased or decreased with some constraints. However, it cannot be
arbitrarily increased. L and K increasing affects overall time complexity of the model,
computer power of the machine used. In addition, the number of features and large
instances that affect the run time of the system. Therefore, we would like to suggest
it would be best for considering to estimate the run time, cost of the system, and
accuracy required. We should consider these things before designing or developing
models.

Finally, we are looking for techniques for increasing the flexibility of our model

mentioned above, which will be a challenge and developed in future research.
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1 Introduction

Handwriting recognition (HWR) is one of the challenging problems for research
in artificial intelligence (AI) and has been extensively investigated. Handwriting
patterns are specific to a person and these characteristics can be used in various
areas of pattern recognition, e.g. writer identification [1, 2, 3]. It also includes
the analysis of personal behavior: these unique features can be used to analyze
various diseases, e.g. [4, 5, 6]. However, the ambiguity and lack of clarity of
handwriting is still a problem in learning and pattern recognition of systems, as
well as optical recognition of handwritten digits [7], described in more detail in
Section 2.1, therefore, effective methods are still being developed and presented
continuously to achieve higher accuracy results.

In recent years, deep learning technology has gained significant attention in
Al Tt caused a revolution in state-of-the-art developments in all fields of research,
with the ability to effectively learn a network, that solves a problem. Especially,
automatic features learning, from the training set, allows a system to discover
the representations needed for predictions. Currently, there are many alternative
learning models for deep learning used in HWR, problems. Convolutional Neural
Networks (CNNs) [8] belong to a class of deep learning techniques, which has be-
come widely used by researchers. All deep learning models still to learn repeatedly
to adjust the weights, that causes the system to have high computational com-
plexity (including CNNs). Furthermore, these models become slow when a very
large data set must be learned and the models use many epochs in the learning
step, because of the optimization techniques added.

We describe a new deep learning model - Deep Single-Pass Learning (DSPL)
- to learn a data set in a single pass. Our model has three convolutional layers,
where XGBoost[11] is the last layer, but the structure of the convolution layer
is flexible and the number of layers can be increased or decreased, depending on
available computational power and data set size.

The rest of this paper is organized as follows. Materials and methods are intro-
duced in Section 2. In Section 3, we describe the deep single-pass learning (DSPL)
for parameter computation and learning algorithm. The model evaluations follow
in Section 4. Finally, Section 5 concludes.

2 Materials and Methods

2.1 Handwritten Digits Data Set

The handwritten digits data set used to evaluate the performance of our model,
was built by Garris et al.[12] from handwritten digits, on a preprinted form, from
43 people, with 30 for the training set and 13 others for the test set. The National
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Figure 1: Examples of (a) original images and (b) digital representations
used in our evaluations.

Institute of Standards and Technology (NIST) preprocessed Garris et al.’s images
to reduce dimensionality and extract normalized bitmaps - see Figure 1.

An input matrix of 8x8 was be created and each element is an integer in the
range 0..16, by dividing into non-overlapping blocks of 4x4 from 32x32 bitmaps
where the number of on pixels is counted in each block. Readers can download the
data sets from the University of California at Irvine (UCI) Repository of machine
learning data sets [7]. This data set is provided in the form of vectors, each vector
consists of classes label (in the last column) see Definition 2.2.

Definition 2.1. Image: An input H x D grayscale image, T € RT*P when
pjr € R is the intensity of the pizel, represented as:

I={pjsll <j<HI1<k<Dj (2.1)

Definition 2.2. Training set: Let T = {Z;,y;|1 < i < M}, is the training set of
M images and y; is the label of image x; in R

This data set was found in the UCI repository [7], included 5,620 images,
reduced to 64 real-valued pixels. Thus for the test data set: H = D =8 and M
= 5,620.

2.2 Convolutional Neural Networks (CINNs)
Convolutional Neural Networks (CNNs), first described by Lecun et al. [8], are

described in detail by Goodfellow et al [9] and Stutz [10]. A short summary
follows, but readers familiar with CNNs may skip this section.

CNNs have an architecture, generally consisting of £ convolutional layers, in-
dexed by k, alternating with multiple pooling layers, which are responsible for
learning the features of the training data. The last layer is usually a Fully Con-
nected (FC) one. In each layer, a convolution operation, K, is applied to the

‘image’ which the input to the k" layer.
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We assume a grayscale ‘image’, Jij, as the input to the k** layer, (where

y1 = ) The discrete convolution of ykm », and the kernel IC’“, with size h X d
and 1ndlces u € [—h,h] and v € [—d, d], is computed as

h d
yjk,j'rrzl,n = (yjk ® K)j,m,n = Z Z ’Cﬁ,vyjk,m+u,n+v (22)

u=—hv=—d

where m,n ranges over the indices in the ’image’ in the k + 1** layer, which is
not always the same as the range in layer, k. For understanding, the calculation
in each layer is forwarded to the next layer: the input to the first (k = 1) layer
is the set of original images, but after convolution, the inputs to the next, and
subsequent layers, are the F* ‘features’ in layer k, yf| j € [1..F¥], because they are
transformations (the convolutions) of the previous inputs. Note that the number
of feature maps in each layer, F*, may vary, set by the user for each application.
In convolution layer, k € [1..L]:

Then, the j* feature map for layer k + 1, y]’?“, after a set of biases, B},
for each feature, j, in each layer, k, are added and the activation function, ¢ is
applied:

YL =lo(By+ Z SOYE)) (2:3)

Here a Rectified Linear Unit (ReLU) activation function was used for ¢,

0 if <0,
P = =) (2.4)
x  otherwise.

Thus, the elements of the output of layer, k + 1, for the j'hfeature map, yf“,
at position (r, s) is:

(yf+1)r7 BkTS_"Z m]®yk 7”7) (25)

The pooling layer helps to reduce the size of the output (i.e. it may downsam-
ple the input to that layer). Other function options could be used e.g. maximum,
average, etc.. We followed the common practice to use the maximum value on a
local rectangular region (neighborhood). Let us assume p X p is size of the pooling
window and sp is stride of the pooling, then P(..) is a pooling function which acts
on yf“, and pooling window of dimension is ((H —h)/sp+1) x ((D —d)/sp+1).
So that the output of a max-pooling function is:

P(yf“)mm = max(yf+1)m n (2.6)

5

The FC layer receives data from the previous convolutional and pooling layer.
This layer is a classifier layer, the weights received in this layer in each iteration
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is fed back to adjust the weights in all previous layers. Generally, softmax is the
transformation function used in the feed back:

Y = softmaz(Z @ W + B) (2.7)

Finally, we obtain as output, the predictions ), where I. is the set of original
images, and set, W of all weights, and set of biases IB.

2.3 Extreme Gradient Boosting (XGBoost)

Extreme Gradient Boosting (XGBoost) is a machine learning model for classifica-
tion and regression problems designed by Chen and Guestrin [11] and shown first
in KDD Cup 2015. It is effective for machine learning and data mining challenges
and has been used extensively by data scientists.

A brief summary of Chen and Guestrin’s work follows, but readers familiar
with their work may skip to Section 3.1. XGBoost is a highly scalable end-to-end
tree boosting system. Its architecture consists of a tree, which is an ensemble of
K classification and regression trees (CARTS). If x; is the vector training set and
y; is the corresponding class labels of z; . The output prediction, g; is the sum of
the prediction scores of K trees:

K
Gi= o)=Y fula) (28)
k=1
where f, € F then f; is the leaf score for the k! tree and F is the set of all
K scoring function. The output prediction, {j; were compared between the target
based on a loss function, I(9;,y;), with the addition of an  term to the model for
prevent overfitting, calculated:

= UG u) + S QU) (2.9)
g k

where Q(f) = ~T + %/\ Zszl w;?, with constants, v and A, which control the
regularization degree, T' is the set of leaves in the tree with the weight of each
leaf denoted w. In addition, we can improve the efficiency in Equation (2.9)
by expanding the loss function with a first or second order Taylor expansion.
Therefore, at step t, we can calculate :

:Xn:gbﬁ (i) + h £ ()] + Q(fr)
B r

:Zngz (i) + h ifi ()] + T + Azwg (2.10)
B ) "~
=210 9wy + 5O b+ Nw;*] +4T

j=1 iel; i€l
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where I; = {i | ¢(x;) = j} denotes the instance set of leaf ¢, and

(5" i)

o (2.11)

gi =
_ 215" yy)

8(2}§t_1))2

are first and second order gradient statistics of the loss function. The optimal
weight, w7, of leaf, j, and the quality, g, for a given tree structure, g(z;), can be
computed:

(2.12)

doier, 9i
w; =S o y (213)
Sier, hi kX
when calculating the weight in Equation (2.13), the final equation is the quality
of a tree structure, ¢, computed as:
di = LEI gZ

£CLg 2s 4 AT, (2.14)
g v B Y Smicp it A

The XGBoost model calculates scores in each node in the tree structure for split
decisions. For effective predictive, we realize the loss after the split and want to

reduce it. If I = I U Ig, where I} and Ig are the left and right nodes after the
split, we compute:

1 (Ziengi)Q Y (ZieIRgi)2 n (Zie[gi)2

2 2.15
2 ZieIL h1+A ZiEIR h‘7+)\ Zié] hL+)\ ( )

‘Csplit e

3 Deep Single-Pass Learning (DSPL)

3.1 Structure and Parameter Computation

In this section, we will explain the parameters and the key equations of a Deep
Single-Pass Learning (DSPL) model. DSPL has two main parts, the ability to learn
the features of the training set and efficiently predicting the class labels of the test
set. The first part, before entering the prediction process, the training set will
be learnt by deep feature learning, which consists of several convolutional layers,
Y, and the pooling layer, P, for reducing feature size. Generally, feature learning
has a hierarchical structure, see a diagram of our model in Figure 2 showing the
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Figure 2: The structure overview of the DSPL.

structre. The output of the convolution operation, Y, in each layer k, is computed
from the output of layer £ — 1. Therefore, the feature learning of the training data
set follows this chain:

P} = PE) = - P = PO 5 2 (5:)

when Z is tensor output of the feature learning process. In each layer, the output
of the previous layer is set to the input of the current layer. In the case where
L = k + 1, so the input, of yf“, in the k + 1 layer for the ;" feature map, is
derived from the output of the previous layer, J/J’?.

An additive bias is applied to each input So the input, V¥, of the k** layer for
the j*" feature map, is derived from the output of the previous layer, yj’? ~1 asset
out previously in Equation 2.5 (repeated here)

Fk:
Vith =B+ Y (KL 0V8))

m=1

Remark 3.1. We used the capabilities of the convolutional layers from CNNs,
the input must be in a tensor format, see Definition 2.1. Therefore, the training
set (in Section 2.1) will be converted to the standard input format of convolutional
operation as the following Definition 3.2.

Definition 3.2. Training Set: Let is the set of training sets, when [:c;]nl be a set

of n feature vectors in R™ then n’ = \/n is integral, it is defined as dimension for
a square matriz notation [aﬂn,n,. Therefore, a general tensor, T of m-order can
be created as follows:

7" — [alllzlm

jlj2~~jm]n/n’

(3.2)

The output of convolution operation, ), caused from the tensor, 7, applied
to the h x d kernel, K. The kernel, K, is slid through tensor, 7, by a stride, sk,
and zero padding value.
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In the second part, we use the decision rules in XGBoost to predict from the
training set learned through from the first part. We addition term of features
learning Z (see in Equation 3.1) to predict classes. Therefore, the final prediction
is the sum of the prediction scores for each tree F, as follows:

K
Ji=0(2) =Y fu(Z), fu€F, (3.3)
k=1

For Equation (3.3) uses an ensemble of number of E classification and regression
trees (CARTSs), when F = f(Z) =wyy)(¢ : R" = T,w € RT) is is the set of all
K scores for all CARTs, and fj, is the leaf score for the k' tree corresponds to
both the independent tree structure ¢ and leaf weights w, where T is the number
of leaves in the tree.

Remark 3.3. Since Equation (3.3) supports the training set Z, data type is vector,
but, the data type of Z, after through the process of features learning is tensor.
Therefore, it is necessary to convert the type of Z to vector see in Definition 3.4,
which describes the standard and convert the input data.

Definition 3.4. The training set Z is tensor size as [a@:*'2 "7 ], which r is the
J1J2..-Jrin'n!

number of filters, and n' exhibit the number of rows and columns. Therefore, Z
will be converted in the form of vector V of feature in R® when b =n' x n' x r,
and will be represented in the Equation (5.3) is:

K
gi =V =Y [Vi),  fe € F, (3.4)
k=1

when F = f(V) = wyv)(q : R* = T,w € RT). The quality of a tree structure can
be scored from Equation (2.14), we can set the number of trees, thus the size of
the structure affects performance.

Yy (Zie]_jgi)g

T (q) e AR NS D,
2 ng Zielj hi + A
when I; = {i|¢(V;) = j} denotes the instance set of leaf ¢t and ¢, = %,

2505, (=1 4

h; = Al l(g;yq)’yl)
~v and A\ are constants to control the regularization degree. In addition, one of the
key tasks is splitting into the best set of segments: we use the gain of the split in
Equation (2.15). In each segment, sort the data according to feature values and
visit the data will be implemented as a first step in sorted order to accumulate the
gradient statistics. Let Ig, I;, are the left and right instance sets and [ = Ir U I,
is their union, then the loss after the split is:

1 (ZieIL 9i)? (ZieIR 9i)? (D ier 9i)?

Loty = = _
split = 5 Siern, hit A e hi A Y hi+ A g

are first and second order gradient statistics of the loss function,
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In our model, this formula is used for evaluating candidate splits by using the
scores of the instance sets of the left and right child nodes after the split.

3.2 DSPL Algorithm

Given a training set, I = {Z;,y;|1 <1 < M}, consisting of M images, with labels,

y; € R, the label of image x;, when x; € {T | T = [a ;111]22 Zj’;] } is an m-order

tensor with n features (R™ or R %™ where n' = \/n). The learning algorithm for
the DSPL can be summarized as follows:

n’'n’

[t

. Initialize the training set, I = {Z;, y;|1 <i < M}
2. Set the parameters of the convolutions for learning features

(a) number of convolutional layers, L
(b) for each layer, set the filter sizes, K, and
(c) kernel strides, sk®

3. For each layer, k, in 1..L:
calculate the convolutions to generate the yj’?“ for layer, k +1, and the j**
feature map:

Z:yjl_f+l Bk+z ®yk)

4. Reshape Z to a vector of length (n’ x n’ x r*+1) - V see in Definition 3.4.
5. Initialize parameters for the prediction step:

(a) total number of trees, K

(b) regularization parameters, v and A,

(¢) column subsampling parameter,

(d) maximum tree depth, ¢ and

(e) learning rate

6. Determine the output class labels:
K
z):ka(Vz)a fkeFv
k=1

where F' = f(V) = wyy(q : R" — T, w € RT)

7. Calculate the optimal leaf weight for the best tree structure

* Zite 9i

w, = —

! Zielj hi+ A’
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8. Calculate the quality of the tree structure, g, using the scoring function

1 (Zier, 9)°

FO(g) = —=
(@) =—3 e i) +7

T

)

where T is the number of leaves in the tree

9. Calculate the best splitting points

1 ; r i i) 3 i)
Esplit - = (Z’LEIL g) + (Z’LGIRg ) + (Zze[g)

2 ZiEIL hi+ A ZieIRhi+)\ 2161h7+)\ a

5.

10. Terminate

Our DSPL algorithm has time complexity:

O(Lc*mnpq) + O(x(Kt + log B))

where L is the number of layers, ¢ is the number of input or output channels,
the data matrix has size m X n, the kernel has size p x ¢, = ||z|| is the number
of non-missing entries, K is the number of trees, t is the tree depth and B is the
block length, which reduces to O(Le?mnpq), because it dominates x(Kt + log B).

4 Model Evaluations

4.1 Experimental Setup

We chose the experimental setup carefully to balance the resources used with good
performance, guided by the time complexity of our model - see Section 3.2. Initial
parameters were to: number of the convolutional layers or number of maps, L = 3,
and the output depth of the convolutional layer, » = 32. The filter size was set as:
K =3 x 3: if K is small, accuracy will be high, but the convolution operation will
be repeated many times and the computation will be slow. On the other hand, if
K is too large, accuracy willy suffer. Additionally, choosing a small stride of the
filter, sk = 1, enables small features to be recognized. The parameters set of our
model in 10 layers - see in Table 1.

Our model was compared with with other models which has shown good per-
formance: Convolutional Neural Networks (CNNs) [8], Extreme Gradient Boosting
(XGBoost) [11], Logistic Regression (LR) [13], Extra Trees Classifier (ETC) [14],
Gradient Boosting Classifier (GBC) [15], Random Forest Classifier (RFC) [16],
Gaussian Naive Bayes (GNB) [17], Decision Tree Classifier (DTC) [18], Multilayer
Perceptron (MLP) [19] and the Support Vector Classification (SVC) [20] - see
Table 3.

For the CNNs model, parameters were set to the same as those for our model,
DSPL. The number of neurons in the FC class was 2", where n = 8,9 and 10. The
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Table 1: Structure of each layer for the DSPL model

Layer Type Input Kernel Stride Output
L1 Input [n/,n',m] na na [/, n',m]
L2 Convolutional (Convl) [n/,n/,m] hxd 1 [n/,n,r(L=2)
L3 Max-Pooling (Pooll) Convl pPXD 1 Pooll
L4 Convolutional (Conv2) Pooll hxd 1 [/, n/, r(E=1)]
L5 Max-Pooling (Pool2) Conv2 pPXD 1 Pool2
L6 Convolutional (Conv3) Pool2 hxd 1 [/, n/, r(D)]
L7 Max-Pooling (Pool3) Conv3 DPXDp il Pool3
L8 Reshape Pool3 na na n xn' xrd
L9 Class Prediction n xn' xrd) na na No. of Classes
L10  Output na na na No. of Classes

Notes: na = not applicable.

XGBoost model was set similarly, with parameters, matching those in the class
prediction layer of our model, to fairly evaluate performance.

The MLP family model was evaluated with different activation functions: lin-
ear (MLP1), sigmoid (MLP2), tanh (MLP3), and ReLU (MLP4). The numbers
of neurons were 2", where n = 8,9 and 10 and the learning rate was set to 0.001.
Similarly, the SVC family model was tested with differing kernel functions: RBF
(SVC1), linear (SVC2), polynomial (SVC3) and sigmoid (SVC4). In total, there
were 16 models, including, LR, ETC, GBC, RFC, GNB, and DTC. The effective-
ness of our model and properties is summarized in Table 2.

Table 2: Properties of models used in performance comparison

Model Parameters details Ref. Time Complexity

Deep Single-Pass Learning (DSPL) No. of Conv. layer L =3 - O(LcFmnpq) + O(z(Kt + log B))
Convolutional Neural Networks (CNNs) - No. of Conv. layer L = 3 18] O(Lc*mnpq) + O(mnhge)
eXtreme Gradient Boosting (XGBoost) — Max_depth = 3 [11] O(z(Kt+log B))
Logistic Regression (LR) Tol = 0.0001, C=1.0 [13] O(mn) to O(mn?)
Extra Trees Classifier (ETC) Criterion = Gini, MinSS =2 [14] O(nmk)
Gradient Boosting Classifier (GBC) Max_depth = 3, MinSS = 2 [15] O(mnkK)
Random Forest Classifier (RFC) Criterion = Gini, MinSS = 2 [16] O(Ktmnlogn)
Gaussian Naive Bayes (GNB) Var_Smoothing = le-09 [17] O(Mg)
Decision Tree Classifier (DTC) Criterion = Gini, MinSS =2 [18] O(tmlogn)
Multi-layer Perceptron Classifier (MLP)

MLP1 Activation = Linear [19] O(mnhge)

MLP2 Activation = Sigmoid [19] O(mnhge)

MLP3 Activation = tanh [19] O(mnhge)

MLP4 Activation = ReLU [19] O(mnhge)
Support Vector Classification (SVC)

SvC1 Kernel = RBF, C' = 1.0 [20] O(m?)

SVC2 Kernel = Linear , C' = 1.0 [20] o(m?)

SVC3 Kernel = Poly, C' = 1.0 [20] O(m?)

SVC4 Kernel = Sigmoid, C' = 1.0 [20] O(m?)

Table 2 also shows the time complexity of the models. We assumed that: L is
the number of layers, ¢ is the various of input or output channels, the data matrix
has size m x n, the filter has size p X ¢, * = ||z|| is the number of non-missing
entries, K is the number of trees, ¢ is the tree depth and B is the block length,
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Table 3: Properties of models used in performance comparison.

Model Worst (%) Best (%) | Improvement

Deep Single-Pass Learning (DSPL) 99.95 100.0 -
Convolutional Neural Networks (CNNs) 98.72 08.88 1.2%
Extreme Gradient Boosting (XGBoost) 97.12 97.76 2.8%
Logistic Regression (LR) 95.78 97.12 4.2%
Extra Trees Classifier (ETC) 96.21 97.22 3. 7%
Gradient Boosting Classifier (GBC) 97.01 97.70 2.9%
Random Forest Classifier (RFC) 95.57 96.10 4.4%
Gaussian Naive Bayes (GNB) 75.19 84.09 24.8%
Decision Tree Classifier (DTC) 88.63 89.80 11.3%
Multi-layer Perceptron Classifier (MLP)

MLP1 95.41 96.58 4.5%

MLP2 97.92 98.24 2.0%

MLP3 97.49 98.18 2.5%

MLP4 97.17 98.34 2.8%
Support Vector Classification (SVC)

SVC1 60.01 65.67 39.9%

SVC2 97.65 97.97 2.3%

SVC3 98.72 98.99 1.2%

SVC4 08.81 09.45 91.1%

Note: Improvement vs DSPL are shown in the ‘Improvement’ column.

m is the number of training sets, n is the number of features or dimensions, h
is number of hidden neurons, ¢ is the number of classes and e is the number of
epochs.

4.2 Experimental Results

DSPL was evaluated on the visual recognition of handwritten digits in the [7] data
set - see Section 2.1- a multiclass classification problems and compared with the
other 16 models in Table 2. We used three-fold cross-validation to train and test
the models. Each data set was divided into three disjoint subsets. Then, two
subsets were used as a training set and the other subset was used as the testing
set. This was repeated three times, with each of the three subsets used exactly
once as the testing set. Overall, our model efficiently provided worst case accuracy
of 99.95% - see Table 3.

However, evaluating the performance for visual recognition of handwritten
digits. Our model provided higher accuracy than all models, with accuracy higher
than worst vs worst here .. CNNs (1.2%), XGBoost (2.8%), LR (4.2%), ETC
(3.7%), GBC (2.9%), RFC (4.4%), GNB (24.8%), and DTC (11.3%). In addition,
compares our model with the MLP family and the SVC family, which shows that
our model provides higher accuracy than the MLP family (2.0% to 4.5%) and the
SVC family (1.2% to 91.14%).
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5 Conclusion

We designed a deep single-pass learning model (DSPL): it used only one epoch to
learn to recognize handwritten digits. In addition, it can learn data set without
needing to repeatedly adjust the weight. The number of the convolutional layer
can be increased or decreased with some conditions, and the data set in the features
learning process will be passed into XGBoost which is the last layer of the model.
A DSPL trained model was very effective, on tests with 5620 images, its worst case
accuracy was 99.95% (and sometimes reached 100%). DSPL’s worst case was 1.2%
better than CNNs, the next best performer, our tests. The very low number of
misclassifications, in the worst case, showed that our algorithm would be effective
in practice.

Acknowledgement : We thank Prof. John Morris of the KMITL Research and
Innovation Services (KRIS) for editing the final manuscript.
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Abstract

We describe a new deep learning model — Deep One-Pass Learning (DOPL) for Smartphone-
Based Recognition of Human Activities and Postural Transitions based on the Pre-Trained
Weights, DOPL consists of several stacked convolutional layers to learn the features of the
input and is able to learn features automatically, followed by the Extreme gradient boosting
(XGBoost) as the last layer for predicting the class labels. DOPL is much faster in the
training phase, because the input weights are optimal weights from the Pre-Trained weights
module and it does not have to re-adjust weights repeatedly. Further, we replaced the final
fully connected layer with XGBoost to increase predictive efficiency. In the worst case, our
model with demonstrated an accuracy of 99.2% for the smartphone sensors database data,
which was significantly better than CNN or XGBoost alone as well as several other models
assessed.
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1 Introduction

An attempt to recognize patterns of human behavior is a starting point for many research areas:
it can lead to societal benefits and contribute to the quality of human life in areas such as
healthcare [1, 2] and various industrial areas [3]. Human Activity Recognition (HAR) is a key
research topic for human behavior classification problems [4, 5, 6], and creates more challenges
in the research field of machine learning (ML). Several techniques have been proposed to solve
these problems. Recently, deep learning (DL) have been shown to be successful and attracted
significant attention. In general, DL has been widely used with image data, to solve problems in
computer vision and many research areas, e.g. biomedicine [7], transportation [8], manufacturing
systems [9], consumer devices and services [10], and including previous research on recognising
human activities in smart homes [11] etec.

Convolutional Neural Network (CNN) [12] is one of the DL techniques. In addition, to good
ability to learn data, it can handle complex HAR tasks well. Wang et al.[13] have surveyed recent
advances of deep learning in activity recognition. CNN has been used for sensor-based activity
recognition [14, 15, 16, 17], it has expanded the scope in and state of the art and for many research
challenges. Nweke et al.[18] reviewed combinations of CNN and other DL techniques, that affect
the efficiency of the model in predicting class labels for mobile sensor activity recognition.
However, the performance of the CNN model has been improved by combining its capabilities
with other models [19, 20, 21]. We note that, in combining those abilities, each model has its
own capabilities. If we combine them properly, it will increase the efficiency of the model.

We describe a new deep learning model ~ Deep One-Pass Learning (DOPL) algorithm as a
modified CNN model for HAR problem: smartphone-based recognition of human activities and
postural transitions [22]. Our model combines the performance of a CNN and Extreme Gradient
Boosting (XGBoost) [23], the motivations are: We have already observed that a single model is
not sufficient for complex data in many fields and research areas. We consider the advantage of
the CNN model for handling complex data including a feature learning process. Furthermore,
we choose to use only the capabilities of the convolutional layer and weights from a pre-trained
CNN. Due to the pre-training, we do not need to re-adjust the weights in each the convolutional
layer. Therefore, the backpropagation algorithm in the loop is not necessary, including the Fully
Connected (FC) layer. We looked for models that have good performance in predicting class
labels on their own, and which will handle the data passing the feature learning step as the first
step: XGBoost is a scalable machine learning system for tree boosting, commonly used by data
scientists and successful in many machine learning competitions (e.g. Kaggle). Finally both
models — CNN and XGBoost are state-of-the-art and many researchers show good performance
[7, 8,9, 10, 23].

DOPL consists of two main sections: first, it has a convolutional layer stacked in several
layers for learning information features. The second stage is responsible for processing the
training data passed from the feature learning step to predicts class labels. However, DOPL
adds improvements for weights received from the pre-trained model. As we show, this increases
accuracy and reduces training time, because it does not start with randomly chosen weights,
which may be far from the optimal weight. In addition, we added the pooling layer to reduce
the size of the training set.



The main contributions of this paper are:

e A a new deep learning model called ‘DOPL’ for HAR problem based on Pre-Trained
weights.

e DOPL takes less time to train data than CNN, see Table 6.

e Our model is effective for automatic feature learning and there is time complexity as
O(Ld*mnpq) + O(r(Kt + log B)) see in Section 3.4.

e DOPL provides higher accuracy than the two individual models, CNN and XGBoost, which
are the current prototypes for modeling, and other extant models, i.e. , Logistic Regression
(LR [24, 25, 26]), Extra Trees Classifier (ETC [27]), Gradient Boosting Classifier (GBC
[28, 29, 30]), Random Forest Classifier (RFC [31]), Gaussian Naive Bayes (GNB [32]),
Decision Tree Classification (DTC [33]), Multilayer Perceptron (MLP [34]) and Support
Vector Classification (SVC [35]). In addition, we evaluated the performance of other
research CNNs [14, 15,16, 17], previously reported for HRA tasks, listed in Wang et al.’s
survey [9].

DOPL differs from previous work of Jabri et al.[36] and Lioutas et al.[37], in that Pre-
training weights are commonly used for Visual Question Answering (VQA) tasks, using weights
acquired from a library or public framework [38] (e.g. Theano [39], Lasagne [40], ImageNet [41],
word2vec [42], AlexNet [43], GoogLeNet [44], and ResNet [45] etc.). However, the weights for
our model were directly generated from the HAR data set for training with our model and saved
as the pre-trained weights in the prediction stage.

The remainder of this paper covers: in Section 2, we review related theories and research.
In Section 3, we set out details of DOPL, including the architecture, pre-training weights, data
preprocessing and learning algorithm. Section 4 describes design of experiments for evaluating
performance. Then, we evaluate the performance from the results and, finally, conclude.

2 Material and Methods

2.1 Human Activity Recognition (HAR) Data Set

The smartphone-based recognition of human activities and postural transitions is public data
set, it used to evaluate the performance of our model, was built by Jorge-L et al.[22] from 30
people, for human activities and postural transitions definition. All volunteers wore a sensor
equipped smartphone (Samsung Galaxy S II) on the waist. Data the sensors and video images
were recorded and then manually labeled. Activities were classifid as six basic activities: three
static postures (standing, sitting, lying) and three dynamic activities (walking, walking down-
stairs and walking upstairs). By adding transitions between the basic activities, we end up with
12 activity labels: listed in Table 1: six basic activities: composed of three dynamic activi-
ties - WALKING, WALKING__UPSTAIRS and WALKING _DOWNSTAIRS - and three static
ones - SITTING, STANDING and LYING DOWN - and possible six transitions between them:



STAND_TO_SIT, SIT_TO_STAND, SIT_TO_LIE, LIE_TO_SIT, STAND_TO_LIE, and
LIE TO STAND. We assumed our volunteers were not acrobats or contortionists. Details
of the sensors are shown in Table 2. Data used for activity recognition was obtained from a
smartphone sensor. This data set was sourced from the University of California at Irvine (UCI)
Repository of machine learning data sets [46] — UCI smartphone: It is commonly used in re-
search for high-level activity understanding [13]: the data set is described in Definition 2.1.
Each element of the vector consists of a classes label, including 10,929 instances, each with 561
attributes. There were no missing values. There were 12 classes in this data set - see Example
2.2. The data set was divided with three-fold cross-validation (see Section 4.2) for evaluating
models, with 7,286 assigned to training and 3,643 assigned to test activities.

Definition 2.1 Input: Let T = {x;,y;|1 <i < M}, be the training set of M vectors, each vector
x; consists of N features, x; = {p;|1 <j < N}, and y; a label, x; in R.

Example 2.2 The expression: If M = 10,929 and N = 561, then I = {(x;,y;)|1 <1i < 10,929},

(xi,v:) be the training set of 10,929 vectors, each vector z; consists of 561 feature x; = {p;|1 <
j < 561}.

Table 1: Activity Labels characteristic

Class ID Activity Labels Description Number of Instances
1 WALKING walking 1722
2 WALKING UPSTAIRS walking upstairs 1544
3 WALKING__DOWNSTAIRS walking downstairs 1407
4 SITTING sitting 1801
5 STANDING standing 1979
6 LYING DOWN lying 1958
7 STAND_ TO_SIT postural transition: standing - to - sitting 70
8 SIT_TO _STAND postural transition: sitting - to - standing 33
9 SIT TO_LIE postural transition: sitting - to - lying 107
10 LIE_TO_SIT postural transition: lying - to - sitting 85
11 STAND_TO _LIE postural transition: standing - to - lying 139
12 LIE_TO_STAND postural transition: lying - to - standing 84

2.2 Convolutional Neural Network

A Convolutional Neural Network (CNN) [12] is described in detail by Goodfellow et al [47]. A
short summary follows, but readers familiar with CNN may skip this section. We assume the
input training data to be a grey scale image, Z, by Definition 2.3.

Definition 2.3 Image: An input H x D grayscale image, T € RH*P  when pjk € R is the
intensity of the pizel represented as:

Z={pyll <j<H1<k<D}, (1)

4



Table 2: HAR data set

Characteristic Activity Labels

Type Activities of Daily Living (ADL)
The number of Subject 30

Sensor Rate 50 Hz

Sensor Accelerometer, Gyroscope
Sensor Modality Body-worn

Activity 6

The number of Activity Labels 12

The number of Instances 10,929

The number of Attributes 561

The number of Training/Testing set = 7,286/3,643

A CNN architecture usually consists of several convolutional layers, alternating with mul-
tiple pooling layers, which are responsible for feature learning from the training data. A fully
Connected (FC) will be the last layer of net (¢.e. , Conv,Pool/Conv,Pool/../FC). For under-
standing, the calculation for each layer is described in order in th following paragraphs.

The convolutional layer applies a Z ® /C, in which a dot product operation between image
and a hg X dg kernel, I, is slid through every element, with stride .S;. The output from layer,
I, V;, where i*" feature map, with a bias, B, added is sent through the Rectified Linear Unit
(ReLU) activation function, ¢, where ¢ = {(0,z)| 0 if ¢ < 0,z if z > 0}. So the normalization
formula for calculating is:

FO=1
V=Bl 37 k) )
j=1
where [*" is index layer, than yf’) is the output of I layer for the i feature map and y](l‘l) is

the output of the previous layer for the j feature map by index of a feature map is f € [1..F*],
because they are transformations (the convolutions) of the previous inputs. Note that the
number of feature maps in ecach layer may vary, set by the user for each application, F¥. In
convolution layer, k € [1..L].

The pooling layer will help reduce the number of the output (downsamples or downscaled).
Function options are set to be used as e.g. maximum, average, etc., commonly used maximum
value on a local rectangular region (neighborhood). Let us assume h), x d,, is size of the pooling

) by the output of a max-pooling

windows, then P(..) is a pooling function which acts on yi(l
function is:

PO = maz(Y)mn (3)

The FC layer, received training data from the previous convolutional and pooling layer. In
this layer is a classifier layer, the weights received in this layer each iteration is taken back to
adjust the weights in the previous layer to the first layer (the convolutional layer). We know



that the MLP algorithm is behind the process of predicting probabilities of class labels. Mostly,
softmax is the transformation function, the formula is

Y = softmax(Z.W + B) (4)

Finally, we obtain the output predictions, denote Y, where Z is the set of images, W are
weights and B, biases of net.

2.3 Extreme Gradient Boosting Model

Extreme Gradient Boosting (XGBoost) is a machine learning model for classification and re-
gression problems. This model is effective for machine learning and data mining challenges and
used extensively. Chen and Guestrin’s XGBoost was first used in the KDD Cup 2015 [23]. A
brief summary of their work follows, but readers familiar with their work may skip to Section 3.
The architecture of the model has a tree, which is an ensemble of K classification and regression
trees (CARTS). Let x; are the vector training set and y; are the class labels of x; in order of i.
The output prediction, ¢; are the sum of the prediction scores of k' trees:

M=

gi= (i) = ) fu(zi) (5)

k=1

where fi, € F then fj is the leaf score for the k" tree and F is the set of all K scores. The
output prediction, ¢;, was compared between the target evaluated with a loss function, 1(g;, y;),
and an added €2 term to prevent overfitting, calculated from:

L) = Ugi.u) + > Q) (6)
") k

where Q(f) =T+ %)\ Zle ij, then v and A are constants to control the regularization degree,
T is the set of leaves in the tree and weight of each leaf denote w. In addition, we can also
improve the efficiency in Equation 6 by expanding the loss function with a first and second order
Taylor expansion. Therefore, we can calculate at step t:

n

LB ~ Z[gifi(xi) = %hiff(l‘i)] + Q(fi)

=1

= T
- Z[gifi(xi) + %hifiz(xi)] +97 + %)\wa )

Jj=1

=1
T
SO giw; + %(Z hi + Nw;*] +~T

7j=1 iEIj iGIj
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the loss function respectively, I; = {i|g(x;) = j} is the number of set in leaf, ¢t and w; are the

optimal weight value of leaf, j. The weight is calculated:

W= Zz‘elj 9i (8)
D SR

when calculating the weight in Equation 8, the final equation is the quality of a tree structure,

q can be computed:

D)

where g; = D and h; = are the first and second order gradient statistics of

*

T 2
- 1 (Xier, 91)
®(g) = —2 LFLS 7 -

q) = +7. (9)
The XGBoost model is based on calculating scores in each node in the tree structure for split
decisions. For effective prediction, we realize the loss after the split process and want to reduce
it. Let I = I, U IR, where Iy, is the left and Ir is the right node after the split, Lg,;; can be
evaluated from:

(Cicr, 0 o Cier 8V | (Cier9?

1
[*s Jitg Trne = (10)
ke N5 il 7 A oS ry B FA LT 251Rs A

3 Deep One-Pass Learning (DOPL) Model

In this section, we describe the details of our new model, DOPL, which combines elements of
CNN and XGBoost, but emphasizes the key differences in DOPL. The primary difference is the
Pre-Trained weight module, which is the first step in the overall structure, followed by the CNN
and XGBoost modules. Each DOPL module is described in order in the following sections.

The main contributions of our model are:

e DOPL is powerful, auto feature learning by convolutional layer and optimal weights from
pre-trained. In addition, we have a scalable end-to-end tree boosting for predicting class
labels by XGBoost. It differs from traditional CNN, since it does not have to adjust the
weights and the FC layer was replaced by XGBoost.

e Our model uses one step only for learning feature data, because we apply optimal weights
from pre-training. It does not need to rely on a backpropagation step to re-adjust weights.
Therefore, it reduces the cost of an iterative loop for fine tuning weights in each a convo-
lutional layer.

e We removed the re-adjusting weights step, weights were optimal after pre-training with the
CNN model. The time complexity for fine tuning weights is O(Ld*mnpq) + O(M N hce)
see in Table 5. Pre-trained weights make it more effective, than initiating a custom or
randomly generated set of weights.
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Figure 1: Overview of DOPL: Training and prediction (left side), and Pre-Trained weights (right
side).

e Our model does not focus only on image processing, but also other general classification
problems.

3.1 DOPL Architecture

The overall architecture of our model see in Figure 1. An overview of the function of each
module is described in the following list:

Pre-Trained weights: Pre-Trained Weights (right side of Figure 1) is the preprocessing mod-
ule and is outside our model, but it is important, because pre-training generates optimal weights
for use in our model and improves the performance of our model. CNN is used to train weights:
we used a backpropagation method to adjust weights repeatedly until the end of the epoch (or
predefined number of cycles) or optimal weights were found by measuring the model accuracy.
These optimal weights are used in the next module.

Training: This module is a key part of our model (left side of Figure 1); it is responsible for
training with a training set. All parameters used here will be set as in the Pre-Training model,
including weights in the feature learning step. The training module has seven layers - explained
in further detail later - Section 3.1. Output from this module is used for predicting class labels
(Section 3.1) for classification problems.

1. Input layer: The input layer is the first layer of the model for loading the training set -



vector format data in the HAR problem. Remark 3.1 has affected this layer:

Remark 3.1 We use the capabilities of the convolutional layers from CNN, the input must
be a tensor format see in Definition 2.3. Therefore, the training set (in Section 2.1) will
be converted to the standard input format for convolutional operation, as described in the
following Section 3.3.

. Data preprocessing layer: We used this module from Section 3.3, because it enables our
system to handle a wide variety of problems appearing in quite different formats. It defines
a common data format for the model, supporting a variety of data types, so that our model
can process general data and is not limited to image data. Details of the common format,
which is sent to the next step, are shown in Section 3.3.

. Convolutional layer: Features are learnt in this layer using a convolutional operator. We
set the number of layers, L, according to user needs. See Equation 2 in Section 2.2 for
the equation of the convolutional operation. To determine the number of layers, L, we
consider overall time complexity of the model (see Table 5, which contains L), computer
power of the machine used, to estimate the run time, and data adequacy, because if the
number of features and instances is low, it may not be enough for convolutional layers

However, in this layer, we will process only once without re-adjusting weights, since
weights used in this layer are obtained from the Pre-Trained weights module, see Section
3.2. This greatly reduces run time, see comparisons with CNN and our model in Table 6
of Section 4.

. Pooling layer: The pooling layer helps reduce the size of the previous convolutional layer:
the Max operation used in this layer is max pooling. Thus, the number of layers for pool-
ing and convolution will be the same in our model.

Predicting: After receiving the training model, the prediction module (left side of Figure
1) predicts the target class labels from the test set.

. Reshape layer: After a sequence of pairs of (convolution:pooling layers) which form the
feature learning stage, the output is a tensor, Z. The reshape layer, shown in the dashed
box in Figure 2, reformats this final output to a hierarchical structure.

. Class prediction layer: The class prediction layer is a key layer of the model and influences
accuracy of the class prediction. Behind the prediction, efficiency is driven by ensemble tree
gradient boosting, eXtreme Gradian Boosting (XGBoost) [23]. We evaluate the quality of
the tree by calculating the points (as in Equation 9):

and candidate split will be considered based on scores of the left and right nodes of the
instance, after a split, in order to reduce loss in the split operation (as in Equation 10) in
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7. Output layer: The output layer is the last layer and generates the predicted class - the
final output. All the steps of the model are set out in Section 3.4.

3.2 Pre-Trained weights

Pre-training weights in a deep learning model avoid random weight initial settings and repeated
training for weight adjustment. It reduces the training time, when comparing our models with
traditional CNN - see in Table 6. In general, pre-training has been commonly used in Visual
Question Answer (VQA) problems [36, 37]. It is used to simplify model training. The model
can predict class labels, without computing the weights itself, but uses weights shared from a
public service provider, e.g. Theano [39], Lasagne [40], ImageNet [41], word2vec [42], AlexNet
[43], GoogLeNet [44], ResNet [45] etc.However, pre-training was not mentioned in HAR tasks,
investigated by Wang et al.[13] and Nweke et al.[18]. We were interested here, to assess the
effectives of pre-training for predicting class labels and avoid adjustment of training weights and
its computational cost.

Our DOPL system has two modules, the training module and the recognition module - see
Figure 1, where the pre-training module is shown on the right in the dashed box. Although not
explicitly shown, the pre-trained weights, central vertical box in Figure 1 can be saved and used
in a second recognition task - the system on the left. CNN was chosen as a prototype of the
pre-training model because it is effective and is commonly used in HAR tasks [14, 16, 17]. The
CNN parameters were set to be appropriate for our model, including the number of convolutional

layers, L, output depth, z, kernel sizes, K, and kernel strides, S,(j), ete.

3.3 Data Preprocessing

As noted before, this section is an important housekeeping stage to allow our system to handle
data from multiple sources in multiple formats. Basically, we pad out the data to generate
square tensors, as necessary, by adding zeroes Q - Definition 3.4.
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Definition 3.2 Input: Let I = {xz;,y;|]1 < i < M}, be the training set of M wvector, each
vector x; consists of N features, x; = {pj|]1 < j < N}, and y; is the label of image x; in R, if
pj = [po,p1,s--- ,pN]T is a set of N feature vectors in RN, since N' = VN is integral, we convert
to input data to be a square matriz with dimension N’ as follows:

p11 pi2 -+ DPiIN'
P21 p22 -+ DPa2N!

by = [p07p17"'7pN]T:> . . . . (11)
PN’1 PN’2 ctt PN'N’

Example 3.3 If N = 9, then N’ =3 the vector [0,1,2,3,4,5,6,7,8]7 is a set of data vectors
in RY, this vector matches the standard criterion, so is just copied a 3 x 3 matriz as follows:

P11 P12 P13
pj = [P0, P1,D2s D3, P4, D5, P6s P72 D8] - = | Pa1 paz Pas
P31 P32 P33

Definition 3.4 Adding Zeros: If N is not integral, we pad the feature vector with zeroes, Q,
and copy the padded vector to a N x N’ square matrix.

Example 3.5 For ezample adding zeros when we assume a vector [0,1,2,...,10]7 in R, so

five zeroes, [0,0,0,0, O]T, are added will lead to a 4 X 4 matriz as follows:
Q(pj) = [p07p1>p2;p3ap47p57p67p77p87p97p107 07 Oa 07 07 O]T

P11 P12 P13 Pi4

P21 P22 P23 P24

=
P31 p32 p3z O

o 0 0 0

For input in Section 2.1, Let N = 561, when N" = /561 is not integral, a vector [0,1,2, ..., 561]T
in R, so 15 zeroes, are added will leading to a vector [0,1,2,...,576]T in R0, then N’ =
V576 = 24 is arranged in a 24 x 24 matriz.

Definition 3.6 Tensor: Let M is the training set, when [ZB;]N be a set of N feature vectors in

RN then N’ = /N is integral, it is defined as dimension for a square matriz notation [aé]
Therefore, the general tensor, T of M-order can be created as follows:

N'N’"

7- _ [ai'lig...i]\/[

Jlj2-~jM]N'N/ (12)

3.4 DOPL Algorithm

Let I = {z;,y;|]1 <i < M}, be the training set of M vector, each vector x; consists of N feature
z; = {pj|1 <j < N}, be a set of N feature vectors in RY or RNV'*N' where N’ = v/N and v; is
the label of image x; in R. The learning algorithm for the DOPL can be summarized as follows:
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1. Initialize the training data set, I = {z;,y;|1 <i < M}

2. If necessary, pad the NV elements of each training data item, x;, so that new data item can
be formed into a square matrix of dimensions, N’ x N’.

3. Convert z; tensor format, (N',N', ()
4. Set the parameters of the convolutions for learning features:

(a) number of convolutional layers, L

(b)

(c) for each layer, set the kernel sizes, KW, and
)

(d) kernel strides, S,(Cl)

convolutional layer output depth, 2

5. Determine the weights from the pre-trained model.

(a) get weights, Wpr and
(b) get bias, Bpr

6. For each layer, [, in 1..L:

(a) Calculate the convolutions to generate the y}” for layer,

FUSD
3 2B 4. Werl) s ).

j=1
(b) Calculate the pooling, replaces the output with the maximum value.
P;") = maz (V")
7. Reshape P(yi(l)) to a vector of length (N’ x N’ x z(0) — z()
8. Initialize a new training data set for class prediction layer

]Inew — {(Zuyz)‘l S l < M}

9. Initialize parameters for the prediction step, set

(a) total number of trees, K
(b) regularization parameters, v and A,

(¢) number of leaves in the tree, T

)
)
)
(d) column subsampling parameter,
(e) maximum tree depth and

)

(f) learning rate
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10. Determine the class labels for output:
i =0(2) = > fula), fr€eF,

where F = f(Z;) = wyz)(¢: RY — T,w € RT).
11. Calculate the optimal leaf weight for the best tree structure

— Zz’elj Gi
J ZZEIJ' hz + >\7

12. Calculate the quality of the tree structure, ¢, using the scoring function

1 (Lier, 90

A (t) S &IS'ad. _ T
o3 2ZiEIjhi+)\+’y '

13. Calculate the best splitting points

1 3 4 Z i A 2 ) i 2
['split Y%7 (ZZEIL 9i) A (> cir 9 ) T (Zzelg/>

2 ZieILhi+)‘ ZieIRhi+>\ Dier i + A 1

[

14. Terminate

Our DOPL algorithm has overall time complexity:

O(Ld*mnpq) + O(r(Kt + log B))

which reduces to O(Ld*mnpq), where L is the number of layers, d is the number of input or
output channels, the data matrix has size m x n, the kernel has size p X ¢, r = ||z|| is the number
of non-missing entries, K is the number of trees; t is the tree depth and B is the block length.

4 Model Evaluations

4.1 Experimental Setup

We set the experimental parameters carefully to balance the resources used while achieving good
performance, guided by the time complexity of our model - see Section 3.4. Initially, we set the
number of the convolutional layers or number of maps, L = 3, and the output depth of the
convolutional layer, z = 2", where n = 1,2,...,5. The chosen z value sets a balance between
performance and use of resources. We set the kernel size, K, is 3 x 3, if K is small, accuracy will
be high, but the convolution operation will be repeated many times and consume computation
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time. On the other hand, if K is too large, accuracy may suffer (the kernel size will not be
larger than the training set). Additionally, a small stride of the kernel Sy = 1 enables small
features to be recognized. The parameters set in our model in each layer are shown in Table 3.
We implemented and tested our and other models with Python (3.6.4) and functions from the
TensorFlow library [48], e.g. the convolutional operation (also used in CNN), together with the
XGBoost python package for the prediction step. For other model testing, we used the machine
learning library from scikit-learn [49]. Our experiments used Linux (Ubuntu 18.04.1LTS) on a
system containing an Intel Xeon CPU E5-2620 0 @ 2.00GHzx12, 24.0 GB.

We used three-fold cross-validation to train and test the models. Fach data set was divided
into three disjoint subsets. Then, two subsets were used as a training set and the other subset
was used as a testing set. This was repeated three times: each subset was used exactly once
as the testing set. The results from each testing set were averaged and a standard deviation
calculated.

Table 3: Architecture in each layer of the DOPL model

Layer Name Type Input Kernel Stride Output
L1 Input N'x N' na na N’ x N’
L2 Data Preprocessing N’ x N’ na na [N, N/ 1]
L3 Convolutional (Conv1) [N, N’ 1] By x dy; 1 [N/, N, 2(L=2)]
L4 Max-Pooling (Pooll) Convl hy x d, hyp X d, Pooll
L5 Convolutional (Conv2) Pooll h X dy, 1 [N/, N', z(L=1)
L6 Max-Pooling (Pool2) Conv2 hy X dp hp X dp Pool2
L7 Convolutional (Conv3) Pool2 hy X dg, 1 [N/, N, 2(1)]
L8 Max-Pooling (Pool3) Conv3 hy x d, hp X d, Pool3
L9 Reshape Pool3 na na N’ x N x z(1) or 2
L10 Class Prediction Z na na Predicted Class
L11 Output na na na Predicted Class

Notes: na = not applicable.

Our model was compared with other models i.e. , Convolutional Neural Network (CNN)
[12, 14, 15, 16, 17], Extreme Gradient Boosting (XGBoost) [23], Logistic Regression (LR) [24, 25,
26], Extra Trees Classifier (ETC) [27], Gradient Boosting Classifier (GBC) [28, 29, 30], Random
Forest Classifier (RFC) [31], Gaussian Naive Bayes (GNB) [32], Decision Tree Classifier (DTC)
[33], Multilayer Perceptron (MLP) [34] and the Support Vector Classification (SVC) [35] - see
Table 5.

Parameter settings for DOPL and details for each layer are shown in Table 4. For the CNN
model, the parameters were set to be the same as those for our model, DOPL. The number
of neurons in the FC class was 2", when n = 8,9,10. In general, CNN supports image data
only, but for our experiments, we added our data preprocessing (see Section 3.3) step to CNN
to facilitate comparison for training sets of vectors in HAR data set Section 2.1. The XGBoost
model was set similarly, with parameters matching those in the class prediction layer of our
model, to fairly evaluate performance.

In addition, we evaluated four variants of the MLP model, with different activation functions:
linear (MLP1), sigmoid (MLP2), tanh (MLP3), and ReLU (MLP4). The numbers of neurons
was 2", when n = 8,9, 10 and the learning rate was set to 0.001. Similarly, four variants of the
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Table 4: Parameters in each layer of the DOPL model

Layer Name Descriptions Parameters
L1 Input: raw data size 10929 x 561
Number of classes 12
L2 Data Preprocessing Section 3.3, input size 24 x 24
Number of convolutional layers, L 3
Learning rate 0.001
L3 Convolutional (First layer)
Kernel size 32 x 32
Kernel stride 1
L4 Max-Pooling (First layer)
Kernel size 2x2
Kernel stride 1
L5 Convolutional (Second layer)
Kernel size 32 x 32
Kernel stride 1
L6 Max-Pooling (Second layer)
Kernel size 2x2
Kernel stride 1
L7 Convolutional (Third layer)
Kernel size 32 x 32
Kernel stride 1
L8 Max-Pooling (Third layer)
Kernel size 2x2
Kernel stride 1
L9 Reshape: re-adjusts data to vector format - see Figure 2
L10 Class Prediction
Total number of trees, K 100
Maximum tree depth 3
L11 Output: class ID of activity label Table 1 1-12

SVC model were tested with differing kernel functions: RBF (SVC1), linear (SVC2), polynomial
(SVC3) and sigmoid (SVC4). In total, there were 16 models, including, LR, ETC, GBC, RFC,
GNB and DTC. The effectiveness of our model and properties are summarized in Table 5.

Furthermore, Table 5 shows the time complexity of the models. We assume that: L is the
number of layers, d is the number of input or output channels, the data matrix has size m x n,
the kernel has size p x ¢, r = ||z|| is the number of non-missing entries, K is the number of trees,
t is the tree depth and B is the block length, M is the number of training sets, /N is the number
of features or dimensions, h is the number of hidden neurons, ¢ is the number of classes and e

is the number of epochs.

15



Table 5: Properties of models used to compare performance

Models Parameters details Ref. Time Complexity

Deep One-Pass Learning (DOPL) No. of Conv. layer L =3 - O(Ld*mnpq) + O(r(Kt + log B))
Convolutional Neural Network (CNN)*  No. of Conv. layer L =3 [12] O(Ld*mnpq) + O(M N hce)
Extreme Gradient Boosting (XGBoost) Max_depth = 3 [23] O(r(Kt +log B))
Logistic Regression (LR) Tol = 0.0001, C=1.0 (24, 25, 26] O(MN) to O(MN?)
Extra Trees Classifier (ETC) Criterion = Gini, MinSS = 2 [27] O(MNK)
Gradient Boosting Classifier (GBC) Max_ depth = 3, MinSS =2 [28, 29, 30] O(MNK)
Random Forest Classifier (RFC) Criterion = Gini, MinSS = 2 (31] O(KtMNlogN)
Gaussian Naive Bayes (GNB) Var__Smoothing = 1e-09 (32] O(Me)
Decision Tree Classifier (DTC) Criterion = Gini, MinSS = 2 (33] O(tMlog N)
Multi-layer Perceptron Classifier (MLP)

MLP1 Activation = Linear (34] O(MN hee)

MLP2 Activation = Sigmoid [34] O(M N hce)

MLP3 Activation = tanh (34] O(MN hee)

MLP4 Activation = ReLU (34] O(MN hee)
Support Vector Classification (SVC)

SVC1 Kernel = RBF, C = 1.0 [35] O(M?)

SVC2 Kernel = Linear , C'= 1.0 (35] O(M?)

SVC3 Kernel = Poly, C' = 1.0 (35] O(M?)

SVC4 Kernel = Sigmoid, C' = 1.0 (35] O(M?3)

Notes: * CNN requires adaptation to the data our pre-processing module.

Table 6: Training time of our model compared with CNN

Data set (Frofuing Time)(Gecy Improvement
DOPL CNN
Smartphone-Based Recognition of Human Activities 4 _3
and Postural Transitions [22] 1 9 s L4x10

Figures in the ‘Improvement’ column show the time for DOPL as a fraction of that for CNN.

4.2 Experimental Results

The performance of the DOPL was evaluated on the smartphone-based recognition of human
activities and postural transitions data set - see Section 2.1, a multiclass classification problem.
The results were compared with 16 models in Table 5. DOPL, with pre-trained weights, was
more efficient, because, using weights from pre-training, instead of a loop to re-adjust weights,
found the optimal weights faster. Training times (for the deep learning model) for our model
and CNN are shown in Table 6. DOPL is faster than CNN and it uses a single pass training.
Further, the weights were derived from the pre-trained model and it reduced the training data
size in the pooling layer.

DOPL and CNN separates very clearly pre-training and running, DOPL used only 1 epoch
of training, while CNN used 1,000 epochs. Thus, DOPL ran in 80 s, a fraction of the original
time, 1.4x1073 s for CNN. The accuracy was similarly improved - see Table 7. We also compared

fSystem Specifications — Processor: Intel Xeon CPU E5-2620 0 @ 2.00GHzx12, Memory: 24.0 GiB, OS:
Ubuntu 18.04.1LTS

16



Table 7: Accuracy of DOPL ws other algorithms.

Model ’festlng 2Fold (%3) - Imp.

Deep One-Pass Learning (DOPL) 99.56 | 99.26 | 99.20 | £0.19 -
Convolutional Neural Network (CNN)
CNN1 97.61 | 97.80 | 98.11 | £0.25 1.6%
CNN2 [14] * 95.18 | - . ; 4.0%
CNN3 [15] * 94.79 | - ; . 4.4%
CNN4 [16] * 90.00 | - ; ; 9.2%
CNNG5 [17] * 94.61 | - ; . 4.6%
Extreme Gradient Boosting (XGBoost) | 97.04 | 97.09 | 97.06 | +0.02 2.2%
Logistic Regression (LR) 96.24 | 96.60 | 96.95 | +0.29 3.0%
Extra Trees Classifier (ETC) 93.99 | 93.91 | 93.96 | £0.03 5.3%
Gradient Boosting Classifier (GBC) 96.76 | 96.93 | 96.87 | +0.07 2.4%
Random Forest Classifier (RFC) 94.26 | 94.54 | 94.84 | £0.24 4.9%
Gaussian Naive Bayes (GNB) 70.22 | 73.43 | 73.92 | £1.64 | 29.0%
Decision Tree Classifier (DTC) 90.53 | 90.42 | 90.89 | £0.20 8.8%
Multi-layer Perceptron Classifier (MLP)

MLP1 96.10 | 96.21 | 96.73 | £0.28 3.1%

MLP2 96.79 | 97.01 | 96.76 | £0.11 2.4%

MLP3 96.71 | 96.68 | 97.06 | £0.18 2.5%

MLP4 96.62 | 95.94 | 96.10 | £0.29 3.3%
Support Vector Classification (SVC)

SVC1 92.48 | 91.82 | 92.86 | £0.43 7.4%

SVC2 97.15 | 97.20 | 97.39 | £0.11 2.1%

SVC3 89.13 | 88.09 | 88.25 | £0.46 11.1%

SVC4 89.76 | 88.77 | 89.46 | £0.41 10.4%

Note: Improvements vs DOPL are shown in the ‘Imp. column.

* From there source, only an average value was available.

the accuracy of DOPL with 16 models: it showed better accuracy than all others - a worst (or
‘safe’) case of 99.20%. Table 7 compares our model with other models as mentioned above.
We have highlighted (bold face), the worst case for three runs of each model and the standard
deviation. Thus we show that our model always performs better than others, as reflected in
better worst case numbers. The standard deviation is a measure of run-to-run variation.

CNN and XGBoost are representative of state-of-the-art models, but DOPL provided higher
accuracy than both models, 1.6% improvement compared to the best of five implementations
of CNN and 2.2% compared to XGBoost. For the MLP variants, performance was in the same
range as CNN, but DOPL also provided more accurate results. SVC2 was also in the same range
as the CNN, but worse than DOPL.
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5 Conclusion

We designed a deep one-pass learning model (DOPL) based on pre-trained weights: this model
used only one epoch to recognize smartphone-based human activities and postural transitions.
In addition, it can learn a data set without the need to repeatedly adjust the weights. The
number of convolutional layers can be increased or decreased with some constraints, and the
data set in the features learning process will be passed into XGBoost, which is the last layer
of the model. Pre-training context, we obtain a set of weights from the pre-training model,
CNN was used as a prototype and training model with HAR data set in Section 2.1. The
model trained by our algorithm learnt the data set effectively. Experimental results show that
our model outperformed state-of-the-art models (CNN and XGBoost) used as prototypes for
designing our model, as well as a selection of other commonly used models.

Finally, DOPL has expanded the potential of deep learning techniques. We reduced the
time in recognition: our model was faster than traditional CNN: 80 s ws 56,000 s, or several
hundred times faster. In addition, a survey and review state of the art, and research challenges
for human activity recognition, our pre-training weights method has not been explained, which
challenges the further development of the research in the future. Therefore, our pre-training
weights method is a new thing for human activity recognition tasks. It opens the issue of
challenging problems for future development and research improvement.
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