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ABSTRACT

Traditionally, indoor localization using received signal strength indicator (RSSI) measurements ig-
nores the elapsed time between positions. This project investigates the use of elapsed time between po-
sitions as a feature with RSSI measurements for indoor localization. We use the recently proposed neural
ordinary differential equations long short-term memory (ODE-LSTM) to handle the varying time gaps be-
tween each position. Our experiment compares the performance of the bidirectional LSTM (BiLSTM)
model and the bidirectional ODE-LSTM (Bi-ODE-LSTM) model. The result shows that using time as a train-
ing feature for RSSI indoor localization can improve the accuracy. However, the benefit of the ODE-based
model decreases as the number of RSSI features increases. Finally, the benefit brought by the Bi-ODE-
LSTM model should be taken into account for the extra model complexity in practical applications.
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Chapter 1

Introduction

Localization technology such as the widely adapted Global Positioning System (GPS) enables the position-
ing and tracking of electronic devices. Moreover, the advancement in electronics has allowed GPS, Wi-Fi,
and Bluetooth technology to be integrated into a single device, like smartphones. Although GPS is the
most common position tracking technology, it is limited to the outdoor environment because GPS signals
require line-of-sight toward the satellites in the sky. Therefore, indoor localization uses radio wave signals,
namely Wi-Fi or Bluetooth signals. Over the years there has been a wide range of applications for indoor
localization in, for example, shopping malls [1] and contact tracing for the recent covid pandemic [2]. Wi-
Fi fingerprinting [3] and Bluetooth Low Energy (BLE) using a received signal strength indicator (RSSI) has
become popular choice because of the wide range adaption of Wi-Fi and BLE technology in personal elec-
tronics devices [4]. RSSI indoor localization uses the RSSI measurement to predict the corresponding po-
sition of the device. This approach ignores the elapsed time between positions. The purpose of this project
is to investigate the use of elapsed time between each position as a feature with RSSI measurements for
indoor localization. Because the speed of the device moving through the space varies, the elapsed time
between each position also varies. Traditionally, data with varying time gaps are divided equally to fit the
recurrent neural network (RNN) model. The recent neural ordinary differential equations (ODE) [5] and
ODE-RNN [6] paper proposed to incorporate the irregular time gap between samples to train the neural
network. Our goal is to examine the use of elapsed time by comparing the RNN model with the ODE-RNN
model. We will be using the bi-directional ODE long-short term memory (Bi-ODE-LSTM) model, a variation
of ODE-RNN.

This report starts by discussing the background information in the proposed Bi-ODE-LSTM model.
Chapter 2 begins with the artificial neural network basics followed by the RNN and LSTM. Finally, we will
explain the Neural ODE and the intuition behind the architecture.

Chapter 3 focuses on the proposed Bi-ODE-LSTM algorithm and the experiments. This chapter
begins with related work in ODE-RNN followed by explaining indoor localization. Then, the dataset used
in the experiment and the baseline algorithm, BiLSTM, and the proposed algorithm, Bi-ODE-LSTM will be
introduced. Lastly, we will detail the experiment setup and the results with discussion on the proposed
algorithm.

Chapter 4 finishes the report with conclusion remarks.



Chapter 2
Background

2.1 Artificial Neural networks

The artificial neural networks (ANNs), inspired by the neurological connection in the human brain, are the
building block of modern deep learning algorithms. ANNs contain three parts, an input layer, one or many
hidden layer(s), and an output layer. The neural network performs calculations for the incoming inputs
throughout the neurons in the network and produces the output in the output layers. The three main
types of neural networks are feedforward neural networks (FNNs) or multi-layer perceptron (MLP), con-
volutional neural networks (CNNs), and recurrent neural networks (RNNs). Fig. 2.1 shows the structure of
an FNN. The input layer is a single input with “N” feature(s), hidden layers contain “N” layers and “J”
neuron(s), and the output with “N” variable(s). The number of neurons for each layer can vary depending
on the model.

J Layer(s)

N feature(s) g:> N Neuron(s) <:ﬁ N output(s)

Input Layer Hidden Layer Output Layer

Figure 2.1: Feedforward neural network



2.1.1 Neuron Breakdown

Neurons make up the neural network. A neuron is a mathematical function that takes the weighted sum
of the input and computes the neuron’s output using an activation function. Fig. 2.2 is a simplified model
of the biological neuron on the left and the mathematical model on the right. The input signal multiplies
with the weights at the synapse. The product follows the dendrites and reaches the cell body. The axon
sums up the inputs and calculates to generate the output signal. The signal is then branched to other
neurons. The perceptron, a threshold activation function, is the earliest form of neuron in the neural net-
work. If the sum of the inputs exceeds a threshold, the output will be 1 or it will stay at 0 [7]. Modern
neural network neurons use nonlinear activation functions such as the sigmoid function to handle nonlin-
ear data [8].

Z( wo
synapse
WoZo

—».
axon from a neuron

impulses carried
toward cell body

cell body

Zwl—wi +b
i

branches
of axon

f (Z wiT; + b)

output axon

% axon

: activation
terminals

R function

impulses carried
away from cell body

cell body

Figure 2.2: Biological neuron (left), Mathematical model of neuron (right) [9, Fig. 1]

2.1.2 Activation Function

Sigmoid and tanh are common non-linear activation functions used in the feedforward network. Sigmoid
activation function scales to form tanh. The output of tanh is between -1 to 1. Unlike sigmoid where the
output is between 0 and 1, tanh is zero-centred, which makes training smoother by avoiding weight jump-
ing between positive and negative values during the weight updates [9]. Like sigmoid, tanh also suffers
from the same vanishing gradient problem. The graph and the equation of sigmoid and tanh are shown in
Figs. 2.3 and 2.4.

D

-10 10

Figure 2.3: Sigmoid function [10, pp. 15]

1

e Sigmoid Function (1)
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Figure 2.4: Tanh function [10, pp. 15]
tanh(x) = 20(2x) — 1 (2)

Leaky RelU, Fig. 2.6, is an improved version of Rectified Linear Unit (ReLU) function, Fig. 2.5. It addresses
the dying ReLU problem. When the input is negative, the output is zero, which means the weights will
never be updated. It will never recover from this because the gradient is zero when the input is negative.
Leaky ReLU attempts to solve this problem by adding a small slope in the negative x area. Like the ReLU
function, leaky ReLU does not need an exponential function which is less efficient to compute. Also, leaky
RelLU converges faster compared to sigmoid and tanh and does not suffer from vanishing gradient prob-
lems in sigmoid and tanh [10].

10

-10 10
Figure 2.5: Rectified Linear Unit (ReLU) function [10, pp. 15]

f(x) = max(0, x) RelLU (3)

10

— L 10

Figure 2.6: Leaky RelU function [10, pp. 15]

f(x) = max(0,x) + amin(0,x),a = slope Leaky RelU (4)



2.1.3 Loss Function

The loss function evaluates the accuracy of the neural networks by comparing the predicted output with
the expected output during training. The goal is to minimize the loss function to train the algorithm to
learn from the training data. Then, test the accuracy of the neural network using test data. Overfitting
happens when the neural network learns the features specific to the training data. Test data ensures the
neural network learns the features of the problem dataset and thus prevents overfitting. There are many
different types of loss functions for different purposes [11]. Since our model is a regression problem, we
will use the mean squared error (MSE) function [11]:

1 ~
MSE =~ %L, (i — 9)* (5)

2.1.4 Optimization

The first step to minimizing the loss function is to calculate the gradients of the loss function with respect
to each individual weight. We calculate the gradient using the chain rule, by backpropagating back through
the network [12]. Fig. 2.7 is an example of calculating the gradient of the loss function, L, with respect to

the weights of the neurons, ;TLand ;TL. Next, the optimization algorithm uses the gradient to find the
x y

weights that minimize the loss function. Adam algorithm, Fig. 2.8, is computationally efficient and works
well in large and sparse gradient datasets [13]. Adam combines the advantage of the Adaptive Gradient
Algorithm (AdaGrad) optimizer and Root Mean Square Propagation (RMSProp) optimizer with momentum
[13]. We will be adopting Adam as our optimization algorithm with a learning rate of 0.001 for the best
result.

aL _ oL az af

dwy 92 Af dwy

2= f(xwy +ywy +b)

flawy + ywy, + b)

af
dwy

L=f(z2)

or a
a2

ywy

aL _ aL 9z of

dwy, ~ 37 Af dwy
Figure 2.7: Backpropagation example [14, pp. 29]

first_moment = 0

second_moment = 0

for t in range(1, num_iterations):
dx = compute_gradient(x) Momentum
first_moment = betal * first_moment + (1 - betal) * dx
second_moment = beta2 * second_moment + (1 - beta2) * dx * dx
first_unbias = first_moment / (1 - betal ** t) ) )
second_unbias = second_moment / (1 - beta2 ** t) Bias correction

| X -= learning_rate * first_unbias / (np.sqrt(second_unbias) + 1e‘7))|

AdaGrad / RMSProp

Figure 2.8: Adam optimization algorithm [15, pp. 37]



2.2 Recurrent Neural Networks

Unlike common feedforward neural networks in which output depends on one input, RNN receives input
from the past and the present [16]. The networks preserve information from the past to make a prediction
in the present. RNN enables machine learning algorithms to handle sequence data, like natural language
processing and text generation. Fig. 2.9 below shows the basic flow of RNN. The output is fed into the
input of the next state and so on. The A in the box represents an RNN cell, a mathematical operation.
Vanilla RNN is illustrated in Fig. 2.10 and Eq. (6). The output of vanilla RNN cell is the weighted sum of
current input and the output of the last state.

()
e =u

6

v

»
L

® ® ®
1 I
A A A
Figure 2.9: RNN structure [16, Fig. 2]

) ®
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@—>—®
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©
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| |
®) ® &

Figure 2.10: Vanilla RNN [16, Fig. 5]

hy = tanh (Wypx¢ + wyphe_q + b) (6)

One of the drawbacks of vanilla RNN is the vanishing and exploding gradient problem [17]. The network
performs the chain rule to find the gradient with respect to the earlier state, illustrated in Fig. 2.11. Ls is
oLy Ohy  Ohy
dhs = 0h, = 0hy
tial derivatives are small or large, the gradient can become very large or very small. The mathematical

the loss function at the third input and the gradient of L3 with respect to h; is If the par-

proof in Eqg. (7-9) shows the increase in the multiplication of, W{L‘h'i, as the n, the latest state, and i, the
earlier state becomes further apart. If the weight is smaller than one, the gradient is going to vanish as it
gets smaller and smaller. If the weight is greater than one, it will get larger and larger. As a result, RNN
has a hard time learning long-term dependency with vanish gradient problems. On the other hand, the
exploding gradient causes the optimization algorithm to take large steps and unable to learn the weights
[18].



Figure 2.11: RNN backpropagation

an
Wt—tl = tanh'(Wypx + Whphe—1 + b) wyp (7)
Oln _ Oln ( o Ohe )
ahi - ahn Hl<tSTl aht—l (8)
d ? i
T = 5 ([icesn tanh’ Wenxe + Wanhe—s + b)) wiiy! (©)

2.2.1 Long-Short Term Memory

LSTM was proposed to minimize the risk of vanishing and exploding gradient problem in the vanilla RNN
[16]. The key contribution is the additional cell state, c;, that stores long-term information. The cell state
is modified through various gates in the LSTM cell. Fig. 2.12 illustrates the internal structure of an LSTM
cell. Eq. (10-15) are for the LSTM cell. The forget gate decides if the information coming from the previous
hidden state and the input of the current state is discarded or kept. Since the activation function is sigmoid,
between 0 and 1, if forget gate output is 1 the information is kept completely; thrown away if it is 0. Next,
the input gate controls the new information added to the cell, and the “gate” gate is a tanh layer that is
the new information to the cell. The output gate decides what information to output. Finally, the cell state
is updated using the information from the forget, input, last cell state, and “gate” gate. The hidden state
uses the output gate and cell state to calculate the output of the LSTM cell.

fr = O'(foxt + Wprhe_1 + bf) Forget gate (10)
ir = o(Wyixy + wpihe_q + b;) Input gate (11)
0r = 0(WyoXy + Whohe_1 + by) Output gate (12)

gi = tanh(wxgxt + Wpghi—1 + bi) “Gate” gate (13)



Ce = fe*C1+ig* g Cell state (14)
hy = o, * tanh(c;) Hidden state (15)
A
-~ ™
Ct—1 + @ @ » Ct

A ® e
It
%[&
he1 =P » h,

Neural Network Pointwise Vector

Layer Operation Transfer Concatenate Copy

Figure 2.12: LSTM structure [16, Figs. 6-7]

2.2.2 Bidirectional RNN

One variation of the vanilla RNN is the Bidirectional RNN (BiRNN). Vanilla RNN leverage the information
of the past to make the current prediction. Bidirectional RNN, on the other hand, uses information from
the future and the past for current prediction. By running forward states RNN and backward states RNN,
we can construct a BiRNN for any type of RNN. Fig. 2.13 shows the structure of BiRNN where hy is the
forward hidden state, and h,’' is the backward hidden state. BiRNN is only possible if the data set has the
entire sequence [18]. In this report, we will be using BiRNN.

2.2.3 Multilayer RNN

In addition to running a backward RNN on top of a forward RNN, we can also stack multiple layers of RNN
cell together to form multilayer RNN. The output of first layer is the input for the next layer, and so on.
The hidden state progress to the next states in the same layer. Deep neural network can improve the
performance for complex dataset, but there is always a possibility of overfitting if the network is too deep.
Fig. 2.14 below is a three-layer RNN. The RNN cell is the green box, and the blue and red are the input and
output.
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Figure 2.13: Bidirectional RNN structure
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Figure 2.14: Multilayer RNN structure

2.3 Neural ODE

Before jumping straight into Neural ODE, we will first build the intuition behind Neural ODE through the
differential equation and the residual neural network.

2.3.1 Ordinary Differential Equation (ODE)

The ODE describes how one variable changes with respect to another variable. We are interested in how
the function evolves. The solution of the ODE is a function that satisfies the original equation. In this report,
we will focus on first-order differential equations, which means the largest derivative in the ODE function
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is first order. First-order ODE can be solved analytically or numerically. One of the numerical methods to
solve the first order initial value problem (IVP), Eq. (16-17), is the Euler’s method, Eq. (18). Euler’s method
works by calculating the tangent line of the initial point, ty, and a next point, t,,, on the tangent line. Once
we have t,;, we can calculate for t,;,; and so on. By setting the next point close to the initial point, we can
estimate the actual solution. Fig. 2.15 illustrates the concept of Euler’s method.

d
«=f00 (16)
y(to) = Yo (17)
Yn+1 = Yn + f O tn) (tngr — o) (18)
yie)
’ Tangent Line
(zlyljn ———— Solution, (¢)
- (fp}’(fl))

/.,

(0.0 )

Figure 2.15: Euler’s method [19, Fig. 1]

2.3.2 Residual Neural Networks

One of the problems with deep neural networks is the vanishing gradient problem. A residual neural net-
work (ResNet) is a neural network architecture developed to mitigate vanish gradient problems in a deep
neural network [20]. Unlike an FNN, where input is always transformed through the layers, Eq. (19), re-
sidual neural network implements skip connection, illustrated in Eq. (20) and Fig. 2.16 (right). A skip con-
nection is a shortcut where the input can skip a layer or multiple layers in the network and rejoin at a later
layer. The skip connection allows information to travel deeper into the network without getting lost. A
residual neural network can be stacked to form a deep network, and largely avoid vanishing gradient
problems [21]. With a deeper neural network, the system has a better chance of learning the parameter
of the data and thus resulting in better performance.

hev1 = f(he) (19)
hepr = f(he) + he (20)
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Figure 2.16: Building block of neural network: Feedforward network (left), Residual network (right)

2.3.3 Neural Ordinary Differential Equations

We can see from ResNet and Euler’s method that they resemble each other. A series of a ResNet blocks
is the solution to the ODE using Euler’s method [5]. The t,, in Euler’s method represents the layers in the
Neural ODE. The input to the Neural ODE is the initial condition, Eq. (21), of the IVP. Neural ODE network
is represented by Eq. (23), where t is the layers and 8 is the parameters shared among each layer. The
final condition Eq. (22) is the output of the Neural ODE. We can solve the ODE using adaptive or fixed-step
solvers. Unlike a ResNet, where layers are connected in discrete time sequence, Neural ODE is a continu-
ous-depth model [5]. Eq. (21-23) summarized the Neural ODE equation. Fig. 2.17 illustrates the structure
of the residual network on the left and the Neural ODE network on the right. Neural ODE combines the
function in the residual network into one function and uses t as the layers in the network.

x = z(ty) Input to the network (21)
y = z(ty) Output to the network (22)
dlzi—(tt) = f(2(t),t,0) Neural Network (23)

L(z(ty)) =1L (z(to) + ftto”f(z(t), t,0) dt) = L(ODESolve(z(ty), f, to, ty,0)) Loss function (24)

A

z = fi(zg) +z, §

2(

el
i

f(z(0),t,6)

z; = fi(z)) + 74

.
.
fax) *
Zn = fa(Zn-1) + Zn-1ﬂ

Figure 2.17: Structure of Residual Network (left) and Neural ODE (right)
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Once we calculate the output and the loss function, Eq. (24), we can backpropagate through the ODE
solver; however, it requires high memories [5]. An adjoint sensitivity method is proposed to minimize
memory cost and reduce errors [5]. The proposed adjoint sensitivity method is to solve the gradient of
the loss function with respect to the parameter at the initial state, ty, using the ODE solver with the initial
value of the loss function gradient at the later state t. The adjoint state at Eq. (25) refers to the gradient
of loss function with respect to the hidden state z(t). The adjoint dynamics in Eq. (26), is the derivative
of the adjoint state. We can now run the ODE solver backward with the initial condition, the adjoint state,
and the adjoint dynamics to solve for the adjoint state at to, Eq. (27). A similar method is employed to find

aL 3L AL
22(s) 96’ 6t0 and ﬂ The full derivations are available in [5]. Fig.

2.18 illustrates the forward and backward pass of Neural ODE. From z(t,) we can solve for z(t,,) at any
time and the backward pass uses an adjoint state to solve for the gradients.

the gradient to the other parameters ——

a(t) = dz(t) Adjoint state (25)
da(t) af (z(t),t,0) . ..
m a(t) ~or Dynamics of adjoint state (26)
od (t) af (z(t),t,0
a(ty) = a(ty) - [[° 52 dt = a(ty) - [0 a(t) LE22 (27)
L«
A% .

Fd
I
’

=
z(tn)
State

| _ ! Adjoint State
oL
. Oz (t;) ul‘\_/z
A‘\/ 0z(tit1 )
dz(tg) : ]

1o t; tiv1 tn

JoL
dz(tn)

4 -

Figure 2.18: Neural ODE forward and backward pass [5, Fig. 2]
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Chapter 3
Bi-directional ODE LSTM

3.1 Related Work

RNN is best known for handling even sampled sequences and regular time-gap data, such as language
model. To handle irregular-sampled data, the data are divided into equal intervals for the RNN. This
method ignores the time dimension and thus can affect the performance of the model [22], [5]. An ODE-
RNN model [6] is introduced to incorporate Neural ODE [5] and RNN to use the time information in an
irregularly sampled sequence data. The algorithm works by using Neural ODE to calculate the hidden state
for the time gap between the previous and current sample, followed by an RNN cell updating the hidden
state. Like the vanilla RNN suffers from vanishing and exploding gradient problem, ODE-RNN also has the
same drawback [23]. The solution [23] proposed is to use LSTM followed by the Neural ODE to update the
hidden state meanwhile the cell state is untouched through the whole sequence to preserve long-term
information.

3.2 Indoor Localization

Indoor localization enables the tracking of devices in an indoor environment. There is a wide range of
applications from shopping malls [1], smart homes [24], and contacting tracing during the covid pandemic
[2]. Although GPS is a common practice in an outdoor environment, walls and ceilings interfere with the
GPS signal thus making it unreliable. Wi-Fi and BLE are used in indoor localization because Wi-Fi and BLE
are integrated into most personal devices. RSSI and channel state information (CSI) are the two common
types of Wi-Fi and BLE fingerprinting. RSSI is popular among the two because RSSI is widely available in
most receivers, despite suffers from fading and multipath [25]. On the other hand, CSI provides more
information [1], but requires specific hardware [26].

3.3 Data Set

The raw dataset for training and testing was collected from an autonomous robot scanning for RSSI on
the third floor in the Engineering Office Wing (EOW), University of Victoria [2]. The robot collects multiple
samples of RSSI measurements at the 81 unique positions in the room. Each sample contains 24 RSSI
readings. There are 11 Wi-Fi access points (APs) and 7 BLE APs. Each AP can have up to two RSSI measure-
ments using 2.4 GHz and 5 GHz frequency bands. An algorithm loops through the raw dataset to generate
unique trajectories for training and testing. The algorithm first randomly selects the initial position to be
the start of a trajectory. Next, a second position is randomly selected. If the Euclidean distance between
the two positions falls within a threshold, the second position is now part of the next position in the tra-
jectory [2]. The process repeats until the number of positions is reached. The time increment of each
position is calculated from the distance between the two positions and the walking speed between 0.4
m/s to 2 m/s [27], [28]. In the training data, there are a total of 20,000 unique trajectories with 20 posi-
tions in each trajectory. Although, in theory, the testing data is evenly sampled. In practice, there are
going to be missing data or unusable measurements due to interference. Therefore, in testing the data
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will reflect the irregular time gap between samples. The testing data includes one trajectory with 65 po-
sitions.

3.4 BiLSTM Model

The BIiLSTM [2] is used to compare against the proposed Bi-ODE-LSTM model here. Initially, we used di-
rectional RNN and LSTM, but the result has a high variance. Furthermore, we also tested the bidirectional
gated recurrent unit (GRU) and RNN, but there was no improvement. Therefore, BiLSTM was used. The
BiLSTM model consists of two bidirectional LSTM layers and an output layer. The input features are the
24 RSSI readings with a batch size of 100 to speed up the training time. The hidden layer size is 168 for
the LSTM. The first output layer is a linear layer with input from the output of the bidirectional LSTM,
2 X 168 features, and outputs 168 features. The second output linear layer is followed by a Leaky ReLU
activation function and outputs the x and y positions. Fig. 3.1 is the algorithm flowchart for the BiLSTM
algorithm.

Time t

‘ Output: ’
(x position,y position)

Output Layer 2
Input: 168
Output: 2

Leaky ReLU

Output Layer 1
Input: 2168
Output: 168

N

BiLSTM Layer 2
Input: 168
Output: 168

J— —

BiLSTM Layer 1
Input: 24
Output: 168

Input:

Time t
24 Features
100 Batch Size

Figure 3.1: BiLSTM structure

3.5 Bi-ODE-LSTM Model

The proposed Bi-ODE-LSTM algorithm is based on ODE-LSTM [23] and BiLSTM algorithm [2], we added the
backward states LSTM to make it a Bi-ODE-LSTM. Fig. 3.2 below is the overall architecture of the algorithm,
and the pseudocode is in Appendix A. The number of input features to the ODE-LSTM cell is 24, the hidden
state size is 168, and the batch size is 100. The input is a sequence of data from t, to t,. In the forward
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states, the input starts from the beginning of the sequence until the end of the sequence and the output
for each time stamp is saved. The backward states start at the end of the sequence toward the start of
the sequence. The output of the backward states for each timestamp is combined with the output of the
forward states for the output layer. The ODE-LSTM cell, shown in Fig. 3.3 (left), consisting of two layers of
ODE-LSTM and calculates the output for each time stamp. The size of the hidden state is selected from
experimenting with different values. A larger hidden size leads to overfitting. And smaller hidden size
produces worse results in training and testing because there are not enough parameters to learn from
the data. Furthermore, directional ODE-LSTM was first attempted but the result was unusable due to high
variance, so bidirectional was used. After the initial result from the Bi-ODE-LSTM, we replace LSTM with
GRU, but it did not show better performance. Also, we tested training with irregular time features and
testing with regular time features, and the result is worse compared to irregular elapsed time testing data.

Output Layer

Output Layer

ODE-LSTM
Cell

Forward
States

ODE-LSTM

Backward
States

ODE-LSTM
Cell

ODE-LSTM
Cell

Figure 3.2: Bi-ODE-LSTM structure

Input Forward Pass Backward Pass
(RSSI Features) Output Output
LSTMCell1 |— c1
. Linear Layer 1
1
Neural ODE 1 Outt
1 Leaky ReLU
LSTMCell2 |— c2 Out2
h2 Linear Layer 2
Neural ODE 2
h22
Output
Output Layer (X position,Y position)

Figure 3.3: ODE-LSTM cell (left), Output layer (right)
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The output layers are two linear layers with a Leaky RelLU activation function in between and output the
x and y positions, as illustrated in Fig. 3.3 (right). The linear layer has the equation of y = xw + b. The y
is the output of the layer and the x is the input. The w and the b are the weights and bias of the linear
layer. The input size to the “Linear Layer 1” is 2 X 168 features with an output of 168 features. And the
“Linear Layer 2” outputs the x and y positions. The Neural ODE uses hidden state output from the LSTM
cell and the time stamp from the last position to solve for the current time stamp, illustrated in Fig. 3.4
(right). The Neural ODE uses a fixed-step solver, Fourth-order Runge-Kutta. The Neural ODE network is
two linear layers with a tanh activation function, shown in Fig. 3.4 (left). The mathematical representation
of the Neural ODE is shown in Eq. (28-30).

. / N
Linear Layer 1 Em‘nﬁpugt_n
Output
Time (t,
Tanh Neural ODE network ODE Solver

Evaluation points:
[(t1).t]
Linear Layer 2
N

Figure 3.4: Neural ODE network (left), ODE solver (right)

dh(t)

— = f(h(®),6) Neural ODE network (28)
Z(to) = ht—l /nput (29)
z(ty) = h; Output (30)

3.6 Experiment

3.6.1 Setup

The initial setup for the experiment is in Table 3.1. The experiment compares the performance of BiLSTM
and Bi-ODE-LSTM using input with all 24 RSSI features and 12 RSSI features. The training data contain 20
positions in each of the 20,000 unique trajectories. The testing dataset is a trajectory with 65 positions.
The Neural ODE uses the backpropagation and adjoint sensitivity method to analyze any performance
difference. Time increment for each position is set by randomly choosing a walking speed between 0.4
m/s to 2 m/s.

Category Value
Optimization algorithm Adam
Learning rate 0.001
Loss Function Mean Squared Error
Batch Size 100
ODE Solver Fixed-step 4th-order Runge-Kutta

Table 3.1: Initial setup parameters for training

3.6.2 Experiment Result
The experiment is separated into two parts: using 24 RSSI features and 12 RSSI features. The table below
summarizes the result of the experiment. The Backprop. uses backpropagation and the adjoint uses
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adjoint sensitivity method for the Neural ODE. There is a total of 200 iterations per epoch. The models are
evaluated using Mean Absolute Error (MAE) and Root Mean Square Error (RMSE).

Model Number of MAE RMSE | Training | Epochs Training Pa-
RSSI Features (m) (m) time (s) rameters

BiLSTM 24 0.636 | 0.918 752 2 997 K
Bi-ODE-LSTM + Backprop. 24 0.555 | 0.794 63627 2 15M
Bi-ODE-LSTM + Adjoint 24 0.580 | 0.857 64483 2 15M
BiLSTM 12 0.673 | 1.008 507 3 250K
Bi-ODE-LSTM + Backprop. 12 0.530 | 0.837 34737 4 386K
Bi-ODE-LSTM + Adjoint 12 0.595 | 0.887 36581 4 386K

Table 3.2: Experiment results
A) 24 RSSI Input Features:

The test results from training with all 24 RSSI features using the BiLSTM and the Bi-ODE-LSTM are shown
in Table 3.2. The Bi-ODE-LSTM model has MAE and RMSE at 0.555 meters and 0.794, respectively, com-
pared with BiLSTM at 0.636 meters and 0.981 meters. Bi-ODE-LSTM shows better outcomes but at the
cost of longer training time because of the added Neural ODE network. The adjoint sensitivity method
performs similarly to regular backpropagation with MAE at 0.580 meters and RMSE at 0.857 meters.

BiLSTM 24 Features BiLSTM 24 Features Error Heatmap
- - - Ground Truth
20 |- - - BILSTM Prediction 20
b Start
> Start

05

X (m) X(m)

Figure 3.5: BiLSTM ground truth vs prediction path Figure 3.6: BiLSTM error heatmap

Figs. 3.5 and 3.6 are the path prediction of the BiLSTM model with 24 RSSI input features. Fig. 3.5 is the
predicted path and the ground truth path. The error heatmap, Fig. 3.6, shows high errors in the east hall-
way, northeast, and southwest corners. The high errors may attribute to objects in the hallway or the
location of the routers, which can cause weak or distorted signals. Bi-ODE-LSTM results in Fig. 3.7 and Fig.
3.8 show a similar trend. The northeast corners, southwest corners, and east hallway have higher errors
compared to other parts of the hallway. The Empirical Cumulative Distribution Function (ECDF) plot shows
that the BiLSTM has around 80% of errors less than 1.63 meters. On the other hand, the Bi-ODE-LSTM
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model has around 1.45 meters. The max error for the BiLSTM is 3.56 meters and 2.82 meters for the Bi-
ODE-LSTM.

Bi-ODE-LSTM 24 Features Bi-ODE-LSTM 24 Features Error Heatmap

+ - Ground Truth

- -+ - BIODE-LSTM Prediction 20
P Start
> Start

25

05

Figure 3.7: Bi-ODE-LSTM ground truth vs prediction paths Figure 3.8: Bi-ODE-LSTM error heatmap

B) 12 RSS! Input Features:

The MAE and RMSE results for using 12 RSSI features to predict the trajectory are shown in Table 3.2. For
the BiLSTM method, the MAE is 0.673 meters, and RMSE is 1.008. The Bi-ODE-LSTM has lower MAE at
0.53 meters and RMSE at 0.837 meters. The results for using 12 RSSI features have similar results com-
pared to those for using 24 RSSI features, where the Neural ODE method performs better than the BiLSTM
method. The performance improvement comes with extra training time and training parameters.

BIiLSTM 12 Features BILSTM 12 Features Error Heatmap
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Figure 3.9: BiLSTM ground truth vs prediction paths

Figure 3.10: BiLSTM error heatmap
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Fig. 3.9 to 3.12 show the predicted vs ground truth trajectory for training using 12 RSSI features. The error
heatmap shows a similar result compared to training with 24 RSSI features, where the east hallway has a
higher error compared to the rest. On the other hand, the southwest corner shows a lower error for the
Bi-ODE-LSTM method. The northeast corner shows a similar error for both the BiLSTM and the Bi-ODE-
LSTM methods. The ECDF plot shows 80% of the error are less than 1.27 meters in the BiLSTM method
and around 1.17 meters for the Bi-ODE-LSTM method. However, the maximum error for BiLSTM is 4.45
meters and 3.4 meters for Bi-ODE-LSTM, larger compared to the methods using the 24 RSSI feature in the
above example.

Bi-ODE-LSTM 12 Features Bi-ODE-LSTM 12 Features Error Heatmap
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Figure 3.11: Bi-ODE-LSTM ground truth vs prediction paths Figure 3.12: Bi-ODE-LSTM error heatmap
3.7 Analysis

We can see from the results in Table 3.2 and ECDF in Fig. 3.13 that the BiLSTM performs poorly with an
increase in maximum error when fewer RSSI features are used. Similarly, the Bi-ODE-LSTM also has a larger
maximum error and RMSE at 12 RSSI features, but it has similar MSE when 24 RSSI feature are used.
Therefore, using fewer RSSI features will result in higher variability in the prediction. In comparison, using
the Bi-ODE-LSTM and all 24 RSSI features reduces the maximum error while maintaining similar perfor-
mance. The MAE is at 0.555 meters for 24 RSSI features and 0.53 meters for 12 RSSI features. On the other
hand, Fig. 3.14 shows that the error rate of the ODE-based method is not affected by the magnitude of
time increment between each position. This results also show that the algorithm is not affected by the
irregular time gap between samples.

In summary, our experiment shows that using the time gap between samples as an input feature can
improve localization accuracy but at a cost of extra training time and model complexity. The training for
the Bi-ODE-LSTM takes more than ten times as long to complete. Furthermore, as the number of input
features increases the difference in performance between the BiLSTM and the Bi-ODE-LSTM decreases.
With MAE below 0.7 meters for both methods, the benefit in extra model complexity should be weighed
accordingly.
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Chapter 4

Conclusion

In this project, we investigate the use of the time gap between positions for RSSI indoor localization. Our
experiment compares the BiLSTM model using the RSSI measurements and the Bi-ODE-LSTM model that
incorporates the time gap between each position to train the neural network. The Bi-ODE-LSTM model
works by adding a Neural ODE network in the BiLSTM algorithm after each LSTM cell update. The experi-
ment shows the ODE-based method improves the overall localization accuracy. However, the improve-
ment in performance comes at a cost of extra model parameters and training time. Furthermore, by using
fewer RSSI features the ODE-based model can achieve a similar result as those with extra RSSI features,
but with anincrease in the error range. The ODE-based model provides good performance, but the benefit
decreases as the RSSI features increase because there are increasing chances for the BiLSTM model to
learn from the extra features. In conclusion, the use of the time feature for RSSI indoor localization im-
proves the overall accuracy, but the extra model complexity should also be considered for a larger and
more complex model with additional input features.

To continue this project, we can further test the Bi-ODE-LSTM at different locations. Since the data in this
project are collected in a hallway with walls on both sides, open areas such as an atrium or a large room
are suitable testing locations. Furthermore, we can use a robot to simulate walking down the hallway to
generate multiple variations of walking patterns. To further improve our model, future experiments can
include other features such as CSI.
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Appendix A: Bi-ODE-LSTM Pseudocode

Algorithm 1 PyTorch-style pseudocode for Bi-ODE-LSTM

1 hfly;=0 >>Forward hidden state
2 c¢fly=0 >Forward cell state
3 hbly=0 >Backward hidden state
4 ¢cbly=0 > Backward cell state
5 f11g = torch.Sequential(torch. Linear, torch. tanh, torch. Linear) P Neural ODE network
6 f12g = torch.Sequential(torch. Linear, torch.tanh, torch. Linear)

7  f214 = torch.Sequential(torch. Linear, torch.tanh, torch. Linear)

8 f224 = torch.Sequential(torch. Linear, torch. tanh, torch. Linear)

9 foriinl, 2,3,:-,Ndo > Forward States
10 hf1;,cf1; = torch.LSTMCell (x;, hf1;_1 ,cf1;_1)

11 Ifi > 2 then D> Ignore ODE in the first pass
12 h1_f; = ODESolve(hl;, f11g, [ti_q, ti]) D> Solve hidden state for t;
14 end if

15 hf2;,cf2; = torch.LSTMCell (h1_f;, hf2;_1,cf2;_1)

16 Ifi > 2 then D> Ignore ODE in the first pass
17 h2_f; = ODESolve(hf2;, f12¢,[t;_1, ti]) > Solve hidden state for t;
18 hf2;, = h2_f;

19 end if

20 end for

21 foriinN,N—1,N—2,:--,1do > Backward States
22 hbl;,cbl; = torch.LSTMCell (x;, hb1;,,,cbl; )

23 Ifi <N —1then D> Ignore ODE in the first pass
24 h1_b; = ODESolve(hb1;, f21g, [tiz1, ti]) > Solve hidden state for t;
25 hb1l; = hl_b;

26 end if

27 hb2;,cb2; = torch.LSTMCell (h1_b;, hb2;,, ,cb2;,1)

28 Ifi <N —1then D> Ignore ODE in the first pass
29 h2_b; = ODESolve(hb2;, f22¢, [tiz1, ti]) > Solve hidden state for t;
30 hb2; = h2_b;

31 end if

32 end for

33 foriini,2,3,--, Ndo

34 LSTMout; = [hf2; || hb2;] >Concatenate forward and backward state output
35 end for

36 outl = torch.linear(LSTMout) > Output Layers

37 out2 = torch. LeakyReLU(out1)
38 position = torch. LinearLayer2(out2)
39 return {position;};—; n




