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Abstract: Many engineered approaches have been proposed over the years for solving the hard1

problem of performing indoor localisation using smartphone sensors. However, specialising2

these solutions for difficult edge cases remains challenging. Here we propose an end-to-end3

hybrid multimodal deep neural network localisation system, MM-Loc, relying on zero hand-4

engineered features, learning them automatically from data instead. This is achieved by using5

modality-specific neural networks to extract preliminary features from each sensing modality,6

which are then combined by cross-modality neural structures. We show that our choice of7

modality-specific neural architectures is capable of estimating the location with good accuracy8

independently. But for better accuracy, a multimodal neural network fusing the features of early9

modality-specific representations is a better proposition. Our proposed MM-Loc solution is tested10

on cross-modality samples characterised by different sampling rates and data representation11

(inertial sensors, magnetic and WiFi signals), outperforming traditional approaches for location12

estimation. MM-Loc elegantly trains directly from data unlike conventional indoor positioning13

systems, which rely on human intuition.14

Keywords: Indoor Localization, Sensor Fusion, Multimodal Deep Neural Network, Multimodal15

Sensing, WiFi Fingerprinting, Pedestrian Dead Reckoning16

1. Introduction17

With a growing number of mobile applications requiring contextual information to18

adapt their services to user needs, location estimation is becoming an important feature19

of those tasks. GPS is a system-level navigation method relying on satellite signals.20

However, indoor environments are often sheltered from satellite signals. As a result,21

scientists have proposed alternative methods for indoor positioning relying on signals22

such as WiFi, Bluetooth, Infrared RSS and inertial movement sensors (accelerometer,23

gyroscope, barometer) [1]. Most of these solutions have been hard-engineering work,24

but this is becoming harder to adapt for edge cases of performance when the indoor25

environment changes.26

There are two main approaches for performing indoor localization that have been27

at the core of most proposed systems: Pedestrian Dead Reckoning (PDR) and WiFi28

based Location Estimation (with the popular version known as WiFi Fingerprinting) [2].29

In PDR, the starting location is assumed to be known and using specially engineered30

techniques (e.g. well-defined sets of formulations) to estimate the travelled distance and31

the direction of movement for predicting the following position. WiFi Fingerprinting32

systems compare the received signal strength with pre-recorded WiFi radio maps to33

estimate the most similar location.34

However, these specially engineered systems fail to work when facing imperfect35

inertial sensor data (accelerometer, gyroscope and magnetometer). The drift and noise36

from sensors result in variations in the signal distribution, leading to lower accuracy in37

estimating the location. This limitation has encouraged different creative engineering38

solutions, such as particle filters [2,3], Kalman filters, graph-conditions [4] and constraint39
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modelling [5]. These systems rely on mathematical formulations to make firm assump-40

tions about the possible action conditions based on isolated observations in the sensor41

state. To enable these services in complex environments, systems are tuned to each de-42

ployment environment [4,6]. Nevertheless, these hand-engineered mathematical models43

lose efficiency when the indoor environment changes potentially with modified radio44

propagation distribution. Currently, no one system has reached the level of acceptance45

as GPS has for outdoor environments. This is due to the uncertainty about the indoor46

environments. It is costly to accommodate all possible actions with manual effort for47

system recalibration [7].48

Many other approaches aim to combine the two approaches with ingenious solu-49

tions for fusing the sensors and independent estimations. These environment-oriented50

engineered positioning systems make firm assumptions about the possible conditions51

on isolated observations in data, many times restricting the possible users’ activities52

because these may be harder to model with current mathematical formulations, or ir-53

regular movement samples would even disprove the initial models. Otherwise, these54

hand-engineered mathematical models fail to work when facing unpredictable situa-55

tions.56

Instead of the aforementioned tediously engineered algorithms, we aim to achieve57

a more convenient approach by relying on an end-to-end multimodal deep neural58

network (MDNN). We believe that moving the focus from minutely understanding59

mobility patterns to learning cross-sensor patterns automatically from data is a more60

attractive proposition. This will allow positioning systems to be more flexible and robust61

by continuous updating the models in training with fresh data.62

Although multimodal machine learning has approved its success in modality-63

fusion tasks such as audio-vision speech recognition and contextual recognition [8],64

investigating multimodal machine learning on multisensory data in the field of location65

tracking for GPS-denied environments is still under exploration. To the best of our66

knowledge, this is the first proposed system using hybrid multimodal deep neural67

networks to perform a half-way feature fusion of cross-sensing modalities available on68

modern mobile phones (WiFi and inertial sensors).69

The contributions of this work are as follows:70

• We replace the traditional methods of operating on sensor data for location esti-71

mation with end-to-end machine learning approaches. This avoids hand-tuning72

the models to approximate the data. Instead, data representations are learned73

automatically from data.74

• We deploy a recurrent neural network of Long short-term memory (LSTM) to model75

the sequential chain of estimations, which performs similarly to PDR – estimating a76

sequence of locations, starting from a known point and estimating the following77

points in the sequence from sensor data.78

• Introducing the first use of modalities fusion with different neural network con-79

structions on each sensing modality to extract intra-modality features, which are80

then combined by higher layer features across modalities.81

2. Motivation and Related Work82

Position estimation of smartphones inside buildings is a challenging task due to83

the GPS being unreliable in environments shielded by walls and ceilings. At the same84

time, other radio signals with longer penetration (cellular and FM) are limited to the85

granularity of position estimation they can offer [9]. Alternative methods have been86

proposed to take advantage of a broader range of sensors available on smartphones [10].87

However, none have managed to produce a robust and scalable system for efficient88

indoor position estimation. We believe the reasons are: i) Indoor spaces are too complex89

to model with limited and fragmented observations from the environment (limited data),90

ii) Signal distortion occurs during propagation across the spectrum, from light and sound91

to radio frequency and magnetic, and iii) current systems rely on human interpreted92
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features extracted from data (e.g., engineered solutions to estimate the number of steps93

and direction of movement).94

Machine learning has been given as a promising option due to its validated perfor-95

mance in several fields, including computer vision, natural language processing and96

pattern recognition that make inferences with noisy data [11]. It shows the advantages97

of learning the correlation between hidden features from the hyper-dimensional sensory98

data and target labels automatically [12].99

Using machine learning for indoor location tracking has become a popular research100

topic of predicting target locations based on sensed data. However, many of them are101

investigated on a single modality, which limits their applications. Given the uncertainty102

of the signal distribution in indoor environments, model signal propagation from scarce103

observations is relatively challenged with simplistic modelling techniques. Meanwhile,104

the indoor environment is formed by multiple modalities, mono-modality limits the rep-105

resentation of indoor situations, which makes single-modality based machine learning106

positioning systems fail to work under extreme edge cases.107

In order to enhance the capability of the artificial intelligence to understand the108

location tracking task from different perspectives, we propose a multimodal machine109

learning approach that allows neural networks to capture in-depth features of natural110

representations and learn from correspondences within sensor fusion data that merging111

inertial sensor data and RSS data as uniform data input for system inference with112

flexibility and robustness.113

We believe that by relying on models with high generalisation to learn directly from114

data, taking advantage of growing data volumes, deep neural networks can tackle the115

aforementioned long-standing problems that limiting indoor localization by a purely116

data-driven approach.117

Therefore, our purpose is to convert from the engineering problem to an artificial118

intelligence approach that shifting focus from identifying patterns manually and mathe-119

matically fitting propagation patterns to delegate computers with multimodal machine120

learning.121

2.1. Pedestrian Dead Reckoning on Inertial Sensors122

PDR builds on inertial sensors to estimate displacement distance and direction of123

movement. However, these sensors have their limitations. Sensor drift is one of the124

most notorious problems, making it hard to double integrate acceleration to estimate125

displacement [13]. The same problem is experienced when estimating the orientation126

of the movement. Figure 1 shows the drift in gyroscope readings for estimations of127

orientation on the movement in a straight line. We observe that in just a few seconds, the128

accumulating sensor drift is substantial, changing the estimated direction of the move-129

ment. Hence, relying on the gyroscope alone is known to be inefficient, so engineered130

solutions use extra sensor inputs for recalibration [14,15].131
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Figure 1. Gyroscope drifts disturbing direction calculation when sampling from a straight-line
walking.
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To replace hard and rigid engineered solutions, others use machine learning to132

identify sampling characteristics in inertial sensors, such as for step size estimation [16].133

2.2. WiFi Fingerprinting on Received Signal Strength134

The WiFi Fingerprinting localization approach consists of two phases: i) training135

phase or commonly known as the offline phase that collects samples to build WiFi136

Fingerprinting dataset, and ii) the real-time phase of so-called the online phase that137

produces estimations based on incoming observations [2].138

In terms of WiFi signal, indoor spaces experience a challenging radio propagation139

environment with multi-path effect, shadowing, signal fading and other forms of signal140

degradation and distortion. It is hard to model all the possible states of the WiFi141

environment in the offline phase, so often, the online phase experiences forms of the142

environment which never trained on, leading to erroneous estimations.143

The main challenge of taking advantage of these sensor data is that erroneous signal144

silencing occurs during data collection and real-time data sampling phases.145

Figure 2 shows the complexity of WiFi samples through the histogram of a long scan146

at a random indoor location. Although many WiFi-based positioning systems model147

RSS as a Gaussian process [17,18], we can see that none of the 5 AP histograms fits a148

normal distribution tightly. In fact, AP2 shows a bimodal distribution; AP4 and AP5149

are skewed to the right and are overlapped in RSS that is likely to interfere with each150

other if on close channels. Whereas AP1 has a wide distribution of observed RSS values,151

spanning almost 20 dBm. The difficulty of modelling WiFi environments is also exposed152

in [4].153
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Figure 2. Histogram of Received Signal Strength for 5 Access Points observed at a single location
showing the complexity of WiFi fingerprints, with various distributions (binomial and skewed).

We sampled the RSS from one AP at a fixed location. Figure 3 shows the fluctuation154

characteristic of APs strength. Each of these histograms is drawn from one APs at a fixed155

location throughout a short period of time. Erroneous signal silencing occurs irregularly.156

Any slight change in the environment hinders accurate estimations. Fitting a single157

polynomial density function to capture this wide variation of these histograms is hard to158

achieve.159

Unlike mathematical-based solutions, using neural networks to torrent these noisy160

data as specific characteristics of particular locations, rather than simply cancel out161

these observations as noise or outliers. Hence, a model should assimilate information162

from new data easily and capture more unexpected variations. Others use deep neural163

networks in WiFi fingerprints signal strength based indoor localization [19], and also164

on WiFi signals with a formulation of the propagation model known as EZ [20,21],165

while more recent work has been using neural networks on Channel State Information166

(CSI) [22].167

2.3. Multimodal Approaches168

Multimodal approaches make estimations from multiple perspectives of cross-169

modality data. Filtering methods like particle filters and Kalman filters have been170

proposed to address multimodalities of data. Specifically, HiMLoc uses particle filters to171

integrate inertial sensors with WiFi fingerprints based on prior observations of Gaussian172

processes for direction estimation, distance estimation and correlation between samples173
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Figure 3. Histograms of one AP signal strength showing the fluctuating nature of WiFi signal,
which makes this hard to model with simple function fitting. The x-axis represents received signal
strength while y-axis means sensed AP count.

and location in buildings, and admissible human activity [2]. Similarly, WiFi-SLAM174

and Zee build on particle filters emphasising their importance for random system175

initialisation [3], while Kalman filters are used to integrate inertial sensing modalities [5].176

Other engineered approaches, such as UnLoc, combining sensing modalities based on177

empirical observations of how some locations are unique across one or more sensors [6],178

MapCraft uses conditional random fields [23], LiFS uses graph constraints to map and179

position estimations on the trajectory [4]. Similarly, WILL builds a connected graph to180

estimate location at room level [24].181

However, when samples are formed in multimodalities, solutions building on mul-182

timodal deep neural networks show their advantages of understanding correspondences183

between communicative multimodalities and capturing in-depth features from natural184

representations instead of focusing on a single modality without alternative feature185

inputs.186

To date, multimodal neural networks across sensing modalities have not been187

used for indoor localization, although it has been used for other context recognition188

tasks, such as human activity recognition [8]. Here, we aim to customise an end-to-end189

multimodal deep neural network for the indoor localization task to produce location190

estimation based on sensor-fusion data of inertial movement measurements and WiFi191

fingerprints. Training directly on data has its drawbacks, that of moving the challenges192

to the quality of training dataset and cross-sensor modality alignment, although this can193

be eventually automated by other systems such as vision-based systems [25].194

3. Methodology195

In this section, we introduce the methodologies that how to use recurrent neural196

network for pedestrian dead reckoning based on inertial sensor data and how deep197

neural network performs a location estimator using WiFi fingerprints, as well as our pro-198

posed multimodal deep neural network architecture, which fuses both single-modality199

data to deliver end-to-end positioning regression outputs.200

3.1. Pedestrian Dead Reckoning with Recurrent Neural Networks201

PDR estimates continuous location by starting from assuming a known position and202

estimating displacement and direction of movement to estimate consecutive locations. By203

similarity, Recurrent Neural Networks (RNN) perform the same but with the advantage204

of memorising previous steps and not relying entirely on new observations coming into205
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the system, which can be affected by local noise. RNN is one of the artificial neural206

networks that include connections between nodes that flow along a sequence. This207

structure offers the RNN model has the ability to exhibit temporal information through208

time serial data.209

RNN has proven its advantages in dealing with sequential data such as speech210

recognition, image captions and machine translation tasks [26]. RNN is similar to a211

feedforward neural network. The difference is that the recurrent connections link a212

neuron from the current layer to the next neuron of the next layer. This feature makes213

the RNN model ’remember’ the features from the previous loop [27]. RNN transfers the214

state within each loop. Therefore, it could deal with sequential data such as the inertial215

sensor data we take used in the experiment.216

The RNN structure is shown in Figure 4. It is an unfolded basic RNN structure that
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Figure 4. Fully Recurrent Neural Network Structure
217

contains a number of neuron-like nodes. Those connected nodes, which are either input,218

output or hidden nodes, are organised into successive layers which follows a one-way219

direction connected to the next layer. Each neuron includes an activation that varies220

based on the time sequence. Errors are calculated from each sequence, while the total221

error is the total value of the deviations of the target label values calculated from each222

sequence.223

However, the basic RNN has the problem of vanishing gradient when feeding long224

sequential data. It cannot catch the feature of the dependencies between samples in225

relatively longer sequential data. Hence, Long short-term memory (LSTM) is presented226

to solve this problem. It performs similarly as Dead Reckoning to estimate positions227

from streaming inertial sensor data [28].228

LSTM is an optimised RNN model that solves the basic RNN problem of vanishing229

gradient. This is achieved by adding a forget gate. It prevents vanishing or exploding230

caused by backpropagated errors. Figure 5 shows the internal structure of the LSTM231

unit. In each unit, there is not only an input gate, an output gate but also a forget gate232

that controls the ’memory’ to either propagate into the next layer or being forgotten in233

the current layer [29].

Figure 5. Long Short Term Memory (LSTM) Architecture
234

The value in the current state is controlled by the forget gate f. Specifically, save
the value when the signal is set as 1 while forgetting the value if the gate is set as 0.
The activation of receiving a new input or propagating is determined by its input gate
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and output gate, respectively [30]. The equations 1 to 6 show the numerical definitions.
The xt represents the input data at time t while Wi, W f , Wo contain, respectively, the
weights of the input and recurrent connections. Every time step t, LSTM calculates
input(It), forget(Ft) and output gates(Ot) activation vectors, which decide the cell state
value(ct) and hidden cell(ht). The softmax output of mt determined the final probability
distribution while � is the product of the cell value of the gate value.

It = σ(Wixxt + Wimmt−1) (1)

Ft = σ(W f xxt + W f mmt−1) (2)

Ot = σ(Woxxt + Wommt−1) (3)

ct = Ft � ct−1 + It � h(Wcxxt + Wcmmt−1) (4)

mt = Ot � ct (5)

pt+1 = Softmax(mt) (6)

Figure 6 illustrates the unrolled chain of the LSTM network, where Ct is the long-235

term memory at time t and ht is the block output at time t, or short-term memory, both236

transmitted to the following LSTM block in the chain.

Ct-1 ht-1

xt-1

Ct+1 ht+1

ht-1

Ct ht

xt

ht ht+1

xt+1

Ct+2 ht+2

ht+2

xt+2

Ct-1, ht-1 Ct, ht Ct+1, ht+1

Figure 6. Unrolled Chain of LSTM Neural Network
237

As the sensor data is presented in time sequence, the LSTM model is ideal for
location estimations. LSTM read the time-sequential inertial sensor data based on a fixed
size of (Timestep ∗ Features). The feature of each data point is the magnitude value of
acceleration, gyroscope and magnetic field data. The number of data points in each
sample is determined by the chosen time window (here, we set the time window as one
second sampled every 100 milliseconds, explained later). Each sample is offered a target
position in coordinate (Xi, Yi). The regression output of the LSTM model is the estimated
position in coordinates (Xest, Yest) based on the history information and current sensor
sampling input. The numerical definition is shown in equation 7 to 9.

x−1 = Sensor Data(I) (7)

xt = WeSt, t ∈ {0...N − 1} (8)

pt+1 = LSTM(xt), t ∈ {0...N − 1} (9)

During the training process, LSTM updates its weight and state by each time reading a238

new incoming sensor data and returns a location estimation result. Here, x−1 represents239

the inertial sensor data from the last time step; xt indicates the current stage LSTM240

block input of the weighted (We) sensor data St; pt+1 means the LSTM cell next-timestep241

numerical prediction of latitude and longitude based on the current stage information242

(xt).243

3.2. WiFi Fingerprinting with Deep Neural Networks244

Indoor positioning systems use an anchoring mechanism to estimate the location245

based on instant snapshots of the environment sampled by sensors for recalibration.246

One such independent estimation can be achieved with WiFi Fingerprinting, which are247

regarded as unique at some positions [6] for locationing without continuous sensing. For248

periodic recalibration, the WiFi is a reliable anchoring signal source, used extensively in249
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previous research [2,3,6,24] due to this relying on real-time observations to match on the250

fingerprint database or with a pre-trained model for position estimation.251

Here, we introduce a way of using deep neural networks (DNN) for WiFi Finger-252

printing location estimations. The configuration of modelling WiFi Fingerprinting with253

DNN is shown in figure 7.

AP2

AP3

APn

...

AP1

X

Y

Figure 7. WiFi Fingerprinting Deep Neural Network
254

The end-to-end DNN takes WiFi scans from sensed access points at each sampling255

timestep as input features and (Xi, Yi) coordinate of where the fingerprint is collected256

as target variables during the training phase while producing two numerical outputs257

of (Xest, Yest) for each coordinate as geographical location estimations during the online258

inference phase.259

3.3. Sensor Fusion by Multimodal Deep Neural Networks260

By fusing both inertial sensors and WiFi fingerprints modalities, their unique261

perspectives can contribute to more robust estimations. Similar to our previous work in262

multimodal deep learning for context recognition [8], here we explore the capacity of263

similar construction to combine the two aforementioned neural networks operating on264

each sensing modality.265

Figure 8 presents our proposed MM-Loc architecture, an end-to-end multimodal266

deep neural network for performing indoor localization, which makes inference on the267

joint perspectives of inertial sensors and WiFi fingerprints modalities.268

Sensors

LSTM

AP1 AP2 ... APn

X Y

Figure 8. MM-Loc: our proposed multimodal deep neural network architecture for indoor
localization with two parallel single-modality feature extractors, and a joint network structure to
merge latent features at the top.

The MM-Loc first reads time-sequential inertial sensor data by LSTM sub-network269

and WiFi RSS data by DNN sub-network synchronously from the beginning, where the270

sample size of the sensor modality at the LSTM side is (Timestep ∗ Sensor_num) and for271

the DNN side is (Timestep ∗ AP_num). Both modalities are reshaped to 128-dimensional272

hidden outputs from each branch. These two parallel 128 unit hidden outputs are then273

fused by concatenation to 256 units. The 256-dimensional joint vectors are fed into three274

fully connected (FC) layers with the input size of 256, 128 and 64, then transferred to275
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the top prediction layer. This operates as a regression, producing location estimations in276

two-dimensional outputs of (Xest, Yest) from the last joint cross-modalities hidden layers.277

The contribution of LSTM to the cross-modality component is in the form of its278

multiple LSTM layers worked as feature extractor, which passes sensor hidden feature279

towards the higher layer. The DNN component contributes as a WiFi feature extractor.280

We replace the two units regression outputs, originally from modality-specific neural281

networks, by fully connected layers to transfer extracted hyper-dimensional vectors282

to joint layers. Both bottom neural network components pass the individual sensor283

modality hidden features synchronously to the cross-modality layers with element-wise284

calculation and transferred the fused latent information to the final layer for location285

prediction regression. The inference completes in one go that the end-to-end MM-Loc286

read the multisensory data as input and return the location estimations as outputs.287

During the training process, the MM-Loc containing three sub-components of LSTM,288

DNN and cross-modality neural networks are trained synchronously with computing289

the loss in the forward pass and splitting the gradients on each branch on the backward290

pass.291

What is unique about this construction is its ability to handle either imbalanced292

multisensory sampling rates or missing inputs from the WiFi modality. This is because293

WiFi scans are produced at a much lower rate than inertial sensors, so when there is no294

WiFi scan available, the WiFi input is a vector with all components value of 0 (normalised295

to -100 dBm). In this situation, the WiFi branch of the network contributes negligibly to296

the cross-modality component, in which case the majority of the contribution comes from297

the inertial sensor modality branch. When both modalities have inputs, the same multi-298

modal architecture automatically adjusts the weights of cross modalities to produces299

estimations based on both modality contributions.300

4. Data301

In this experiment, we create the sensor fusion dataset by ourselves, starting from302

data gathering to data preprocessing and eventually aligning multimodalities to build a303

sensor fusion training dataset. The cross-sensor datasets are collected from two scenarios304

with ground truth location labels. With light data processing strategies of interpolation,305

normalisation, overlapping, and down-sampling, we derive a uniform machine learning306

dataset for training the proposed multimodal deep neural network.307

4.1. Data Collection308

Multisensory data are collected using an Android application designed specifically309

for the task of data collection, screenshots shown in figure 9. This application can be310

configured to collect sensors data (accelerometer, magnetometer, gyroscope and WiFi311

scans) continuously in the foreground with a visual interface to accept user inputs312

or in the background mode to allow carrying the phone in a pocket with the screen313

off. To collect data with ground truth location information, the same application runs314

synchronously on two mobile phones. One used to mark locations as input from a315

user through the visual interface displaying the building map aligned to Google Maps316

coordinates for the purpose of longitude and latitude information acquisition. It needs317

to mention that the logged ground truth geographical locations are converted to the318

Universal Transverse Mercator (UTM) in metres in the experiment. Another phone319

is used to collect sensor data continuously in the background, which is placed in any320

position without the need for user interactions while collecting data to resemble the321

perspective of sensors in a natural motion.322

During the data gathering process, ground truth labels are transferred to the device,323

collecting multiple sensor data to annotate sensor samples with the user-provided324

location of their provenience. The first campaign involved walking on the corridor at325

different walking speeds, starting from one corner of the building, performing a circular326

trajectory and arriving back at the starting point. Ground truth locations were provided327
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(a) Location Input Interface (b) Sensors Control Options

Figure 9. Screenshots of the Android application used to collect multisensory data.

sporadically, but to obtain location information on a more granular basis, some locations328

were interpolated between consecutive two input locations – assuming local constant329

walking speed. Specifically, during one round of data collection, we build two datasets330

synchronously: Dataset.1 that walking along the corridor to collect samples from inertial331

sensors and WiFi scan; Dataset.2 that collecting ground truth geographical location labels332

synchronously by clicking the screen to log latitude and longitude information when333

passing key locations such as corners.334

For training our MDNN model with generalisation, we collect data from two335

scenarios to build the dataset – the middle floors from two crowded office buildings.336

Both scenarios are typically indoor environments with multiple human activities to337

increase indoor complexity in terms of noisy data and scalable description. Specifically,338

these complex situations include people walking by frequently that affect how we339

walk along the corridors during data gathering; various indoor working electronic340

devices such as elevators, computers, printers and portable devices which generate341

electromagnetic radiation; Building materials contain reinforced concrete, metal and342

glass which influence signal’s propagation pathway. Furthermore, considering the real-343

time situation that people using different hardware for locationing purposes, we use344

multiple mobile devices with different built-in sensor sensitivity and sampling rates for345

data gathering to add complexity. During data collection, we walk with different speeds346

and gestures to add motion variations of the samplings.347

By integrating 14 rounds of sampling files collected by ourselves, we derive the348

MDNN datasets from two scenarios, illustrated in table 1.

Table 1. MDNN Dataset Description

Datasets Inertial Samples WiFi Samples Access Points Time Duration

Scenario A 24450 25541 102 407 Mins
Scenario B 29836 8390 750 497 Mins

349

4.2. Data Preprocessing350

After sampling multisensory data, we need to maintain the original features but351

process the logged data into a format that is compatible with machine learning training352

and inference.353
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4.2.1. Inertial Sensor Data354

Using the Android APP, we export the raw log files of sensor fusion data from355

two scenarios. However, the Android API provides sensor samples on an event base356

only if the value is considered to have changed. This leads to uneven intervals in357

each sensor sample. Inertial sensors of accelerator, gyroscope and magnetometer hold358

different refreshing rates. Here, we implement linear interpolation to fill the missing359

values in between every two hardware sensed values in order to generate the continuous360

time-sequential data. These interpolated data are grouped in a time window, which361

we discussed later, and associated with one location. We also interpolate geographical362

locations based on the selected time window between each two recorded locations as we363

only record locations when passing special points such as corners, elevators, kitchen,364

meeting rooms and other remarkable places along the trajectory.365

The inertial sensors sample the motion in three orientations of axes x, y, z. To
allows for the phone to be placed in any orientation in a pocket or a bag without the
limitation of motions and fixed positions. Position invariant sampling data is attained
by calculating the magnitude value on the built-in sensors (accelerometer, gyroscope
and magnetometer) on the three orthogonal axes:

sensormagnitude =
√

sensor2
x + sensor2

y + sensor2
z (10)

Hence, we derive the magnitude values of inertial sensor samplings used for the machine366

learning time-sequential dataset.367

As the LSTM load the time-sequential data by time window, a proper window368

selection contributes to lower computational cost and on-device power consumption369

with accepted inference efficiency. We explored four time windows settings of 10ms,370

100ms, 1,000ms and 2000ms. In addition, we considered the case of time windows371

overlapping (10%, 50%, 90%) to increase the frequency of location updates for a fast372

responsive system. Window overlapping also plays well with the LSTM model since the373

information from previous time windows is reinforced and emphasised by overlapping374

for better quality detection and strengthen correspondences between samples.375

Despite the amount of machine learning dataset increased with richer information376

for training by time window grouping and overlapping, the side effect is that heavier377

dataset increases the processing demand. Hence, to improve the feed-forward speed378

with a smaller input size without losing too much information, a down-sampling method379

is investigated to compress the dataset. Figure 10(a) shows three magnitude values for380

accelerometer, gyroscope, magnetometer with 1,000 data points (1,000ms) on the left381

side and the down-sampled value to as much as 90% linear compression. Figure 10(b)382

compares the original data and the down-sampled over a longer interval of 7,000ms.383

The comparison from figure 10 indicates that main features are maintained even on384

high compression, reducing samples frequency to 1 Hz. For this reason, we consider385

down-sampling in experiments presented in the evaluation section.386

Therefore, by deploying data processing of time window grouping, overlapping387

and downsampling, we derive the ready-to-use inertial sensor dataset with the settings388

of 1 second time window, 90% overlapping rate and 90% downsampling compression389

data preprocessing strategies.390

4.2.2. WiFi Fingerprint Data391

The RSS inputs to neural networks are provided as vectors. To construct this vector,392

we first scan the whole WiFi logfile to identify all unique APs observed throughout393

the data gathering section (total of n APs observed inside the building), as well as394

the minimal and maximum signal strength encountered throughout, which are used395

to normalise the vector input to [0,1] interval by linear scaling. By observation, the396

min-max interval is [-100,-40] in dBm. Hence, for missing APs in WiFi scans, a value397

of -100 is associated with their representation in the n-dimensional vectors. To keep398
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(a) Sensor values over a time window of 1s (b) Sensor values over a wider time window of 7s

Figure 10. Compare between the original data and the down-sampled data. It shows that loss of
information is minimal across two time windows, being able to follow the trend in signal for the
walking activity.

the original features of the sampled data without unnecessary human intervention,399

we keep those occasionally seen personal hotspots, considered as noise, in the dataset400

to add complexity, which simulates the real environments of changeable WiFi signal401

distribution.402

4.3. Sensor Fusion Dataset Alignment403

The main challenge of aligning inertial sensor data with WiFi data is that the WiFi404

sampling frequency is significantly slower than the inertial sensing rate due the hardware405

limitations.406

By observing the original refreshing rate (on the event base) from log files, the407

average updating frequency of the inertial sensor is in milliseconds while WiFi updates408

in seconds. (It is noticed that the time steps of WiFi samples recorded naturally in non-409

integer values on event base, such as 1.03s, 3.56s, etc.). The amount of the time-series410

sensor data is significantly larger than WiFi samples, even after we group the inertial411

sensor data by one second time duration as one sample.412

If we simply combine these two modalities (one-second grouped inertial sensor413

data with one WiFi scanning as a cross-sensor datapoint input), the cross-sensor dataset414

contains sparsity with unbalanced data components. As the fact of the WiFi scan415

updates on the event base with the waiting time gap over several seconds. For the416

purpose of eliminating the sparsity of the WiFi data to make it relatively compatible417

with the grouped sensor data, we squeeze the WiFi scans from the original sampling418

distribution to every 100 milliseconds time duration, which is compatible with the LSTM419

time window setting. For instance, if the first time duration of 0.1 seconds in the raw420

log file contains three WiFi scans through all accessible APs, we compress these three421

samplings into one single sample within the time duration. Therefore, we get a denser422

WiFi fingerprint dataset to be aligned with grouped inertial sensor data, illustrated in423

table 2.424
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Table 2. WiFi Fingerprint Dataset Compression

Time AP0 AP1 ... APn X Y

t0 Null −85 ... Null x0 y0
t1 −92 Null ... Null x1 y1
t2 Null Null ... Null x2 y2
T′ −92 −85 ... Null X′ Y′

For some timesteps, if there only contains inertial sensor samplings without any425

accessible WiFi signals, we use -100 dBm to represent missing WiFi scans of all APs if426

there is no sensed signal through all APs in one time window. They are added in parallel427

for a uniform size of the multimodal dataset.428

As two synchronously-logged datasets contain not only inertial sensor and WiFi429

RSS samples but also ground truth location information within the same time duration,430

the timestep records are utilised for matching multimodalities with geographical labels.431

Meanwhile, location labels are normalised to the extreme boundaries chosen for the432

building and scaled to [0,1] intervals. Estimations of neural network models are con-433

verted back into latitude and longitude coordinates in meters to measure the estimation434

errors as the euclidean distance between predict and target locations. Table 3 illustrates435

the components of the cross-sensor dataset after alignment.436

Table 3. Cross-sensor Dataset

Time Accelerator Gyroscope Magnetometer AP0 AP1 ... APn X Y

T0 a0 ∼ a999 g0 ∼ g999 m0 ∼ m999 -100 -85 ... -100 X0 Y0
T1 a999 ∼ a1,999 g999 ∼ g1,999 m999 ∼ m1,999 -100 -100 ... -100 X1 Y1
T2 a1,999 ∼ a2,999 g199 ∼ g2,999 m1,999 ∼ m2,999 -70 -100 ... -65 X2 Y2
... ... ... ... ... ... ... ... ... ...
Tn an ∼ an+999 gn ∼ gn+999 mn ∼ mn+999 -100 -100 ... -100 Xn Yn

5. Evaluation437

This section presents the evaluation of each independent modality-specific neural438

network architecture, followed by the evaluation of multimodal deep neural network439

(MDNN) implementations with different fusion architectures that combining the features440

extracted by each independent model (RNN for sensor data and DNN for WiFi samples)441

to produce a single robust location estimation at the top.442

5.1. Recurrent Neural Network on Inertial Sensors443

Here we present our exploration to identify the best model structure and parameters444

settings for calibrating the LSTM with the best positioning performance in terms of time445

window settings, overlapping ratio and data compression.446

5.1.1. Time Window447

As LSTM read the data in time windows, a well-selected time window allows the448

model to catch enough detailed information to estimate the movement accurately. A449

larger time window loses granular details by exploiting larger scale observations, includ-450

ing more information for a range of movements while being computationally demanding451

for performing inference on mobile devices and slower in providing location updates.452

In contrast, a smaller time window captures minimal information, not discriminating453

between different walking speeds or between very similar activities like moving on a flat454

surface and climbing stairs, although more computationally friendly to mobile devices455

since the input layer is smaller.456

Here, we trained the LSTM model with the time window of 10ms, 100ms, 1 second457

and 2 seconds, with the model setting listed in table 4.458

Figure 11 shows that the LSTM model performances with various input time459

windows, presented using the Cumulative Distribution Function (CDF) charts. By460

observation, time window setting has little impact on the inference accuracy. The training461
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Table 4. LSTM Training Parameter Settings

Parameter Settings

Epoch 100
Batch Size 100

Hidden Units 128
LSTM Layer 1 Layer

Learning Rate 0.005
Learning Rules RMSprop
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Figure 11. LSTM model performances with different time window settings.

observation is confirmed on the test set as well as seen in the CDF plot 11(b), showing462

that chosen time windows have minimal impact on detection accuracy. The 1,000ms463

based model shows a good performance similar to the others, and going for this larger464

time window allows the model to capture variations and different activities relevant465

when transitioning between different indoor areas (elevator, cafe). The estimation error466

is still high since this is the first parameter we optimise for. Therefore, we choose the467

time window setting of 1,000ms in the following explorations.468

5.1.2. Overlapping Ratio469

This evaluation presents the outcome of changing the overlapping ratio based on470

the fixed time window setting of 1,000ms. The overlapping ratios we experiment with471

are 30%, 50% and 90%, which increase the amount of training data subsequently by 1.3×,472

2× and 9× respectively.473

There are two main advantages to implementing overlapping. The first one is to474

enhance dependency between consecutive time windows samples by repeated informa-475

tion observed in the overlapping part. With the LSTM model, this enhances the memory476

aspect of adjacent time windows, the model experiencing portions of the recent action477

through multiple inputs. Moreover, we increase the training dataset synthetically by478

obtaining a larger number of training samples, since larger training sets are beneficial479

when training neural networks.480

Figure 12 shows the three models training process with the enhanced training set481

and performance on the validation set. In the training set, it appears that the model482

trained with data overlapping by 90% performs consistently better than the other two483

models trained on 30% and 50% overlapping data. While in testing set CDF shown in484

figure 12(b), 90% overlapping model performs similarly as in the training set. This is an485

impressive result considering that it is based on nothing more than inertial sensor data486

without much to calibrate on apart from occasional well-located changes of direction487

(e.g., when going around a corner). This route covered long stretches of straight-line488

corridors (up to 60 meters) walked at various speeds, which conditions are identified489
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well by the LSTM estimator. These results illustrate that by increasing the overlapping490

rate, models can learn features better since they have more data available to train on.491
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Figure 12. LSTM model performance with different overlapping rations on validation and test set.

From this experiment of using overlapping strategies, model performance improves492

compared to those without time windows overlapping. The 90% windows overlapping493

model has the best performance. We use this enhancement for the following model494

exploration.495

5.1.3. Data Compression496

We implement simple downsampling and Principal Component Analysis (PCA)497

strategies for data compression to speed up the training and inference time cost. As498

mentioned in figure 10, simply downsampling has little impact on the original signal499

representations. Hence, we implement downsampling (pick up datapoint every 100ms)500

over the training data with the overlapping ratio of 90%. Therefore, one sample has501

been downsampled from the size of (1000 ∗ 3) to (10 ∗ 3). For the PCA data compression,502

the dimension is reduced to the same size of (10 ∗ 3) of each sample. New variables503

in a lower dimension could be calculated based on eigenvalues and eigenvectors and504

therefore replace the original variables in a higher dimension matrix by PCA. This avoids505

having LSTMs a heavy time step input of 1,000 samplings which increases the model’s506

complexity and learning time spent.507

Figure 13 shows the comparison between the down-sampled based model and PCA508

based model with the uncompressed overlapping 90% based LSTM model. Both CDFs509

illustrate that the down-sampled based model performs better than the uncompressed510

data based model that it reaches 80% of the prediction accuracy with the precision511

requirement of 8 metres of the testing set. PCA based model performs slightly better512

compared to the uncompressed model in both validation and testing sets.513
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Figure 13. LSTM Model performances with different data compression strategies.
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In general, the down-sampled based model has the highest accuracy and reliability514

compared to the PCA-based and the model without data compression. By implementing515

downsampling to the overlapping data, the model reduces its complexity by setting a516

smaller time step to save calculation time. It could handle the data with a larger time517

window without losing significant data features. Specifically, ten datapoints in one time518

window represent the data features of the one-thousand samples in a time window,519

which allows the model to further increase the time window allowance with little model520

complexity increased. It could potentially allow the model to process a variety of521

activities. Besides, it widens the model’s tolerance for a more extensive training dataset522

in a shorter time span compared with feeding the uncompressed data. This is of vital523

importance when integrating the model into mobile devices to improve the prediction524

efficiency, which reduces application response time and power consumption.525

5.2. Overview of RNN for Inertial Sensors526

Figure 14 contains all models discussed in this section. Overall, Starting with527

selecting a suitable time window from 10ms, 100ms, 1 second and 2 seconds, we choose 1528

second as the time window as it allows more data variations. We are moving to improve529

estimation accuracy by further increasing the training size with overlapping. With 90%530

of the overlapping, the model shows a significant improvement in locationing accuracy.531

To reduce the complexity and the training time of the models, we compress the training532

data size by downsampling and PCA dimension reduction. We selected the LSTM model533

with downsampling based on a 90% overlapping ratio, presented by the blue line here,534

as the inertial sensor locationing model settings, which balances the estimation accuracy535

and efficiency.536
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Figure 14. Overall comparison of model performances with different calibration strategies.

5.3. Deep Neural Network on WiFi Fingerprints537

WiFi scans are received through the Android API at an irregular frequency on538

the event base, which its average update rate of about one second. We used Deep539

Neural Network (DNN) as our configuration of the WiFi Fingerprinting model, which540

takes WiFi scans from sensed access points at each sampling timestep as input features541

and produces two numerical outputs of latitude and longitude as estimations. We542

evaluate the WiFi estimator regarding model structure settings and tuning based on the543

processed WiFi fingerprint dataset. The missing WiFi samples represented by -100 dBm544

are converted to zero values using normalisation before feeding into the model.545

5.3.1. Model Structure546

We explore the impact of DNN model structures of 3-layers, 6-layers and 9-layers547

settings. As we observe from the CDF results presented in figure 15, the 3-layer DNN548

regression model produces the best inference accuracy than the deeper networks. The549
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models show extreme similar estimation results in the testing CDF 15(b), which approves550

the ability of model generalisation.
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Figure 15. WiFi based DNN model performances with different network structures.
551

5.3.2. Model Tuning552

After we determine the DNN structure, we implement model tuning on the 3-553

layer WiFi DNN regression model with the hyperparameter settings shown in 5. It is554

mentioned that the only variation of the model structure is the input sizes caused by555

the number of APs sampled in different experiment buildings. For our two evaluation556

scenarios, there are 102 APs and 750 APs, respectively.557

Table 5. WiFi-based DNN Parameter Settings

Parameter Settings

Input Size AP Number
Epoch 100

Batch Size 100
Hidden Units 128
DNN Layer 3 Layers

Dropout Rate 0.5
Learning Rate 0.001
Learning Rules RMSprop

5.4. Overview of DNN for WiFi Fingerprints558

The WiFi-based estimator is modelled with a deep neural network regression model.559

By exploring the model structure with parameter tuning settings, we determine to use a560

three-layer DNN model on WiFi Fingerprinting. We use this WiFi model architecture as561

the sub-component network integrated into the multimodal fusion model.562

5.5. Multimodal Deep Neural Networks on Sensor Fusion563

After we determined the model structure for each modality, we move our focus on564

fusing each modality-specific network component representation together for a uniform565

multimodal deep neural network (MDNN).566

5.5.1. MDNN Integration567

To explore the best fusion architecture of the MDNN that links the modality-specific568

features extracted from the RNN and DNN sub-networks as introduced in figure 8, we569

customise four types of fusion networks, including two hybrid element-wise fusion of570

concatenation and multiplication, a hybrid residual connection fusion as well as a late571

fusion structure.572

Element-wise Fusion: The MDNN with element-wise fusion architecture is shown573

in table 6. By concatenating the modality-specific hidden layer outputs from both LSTM574
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and DNN sub-networks of 128 dimension output, the fusion layer read these two hidden575

outputs by implementing element-wise matrix calculation of concatenation (128 ∗ 2) or576

multiplication (128). This fused matrix then goes through higher 128 and 64 size fully-577

connected joint layers and eventually be regressed to two location prediction outputs of578

(Xest, Yest).

Table 6. MDNN Architecture with Element-wise Fusions

Layers Output Shape
LSTM Layer (sensor) (Batch Size,128)
FC Layer.1 (WiFi) (Batch Size,128)
Dropout Layer.1 (WiFi) (Batch Size,128)
FC Layer.2 (WiFi) (Batch Size,128)
Dropout Layer.2 (WiFi) (Batch Size,128)
FC Layer.3 (WiFi) (Batch Size,128)
Fusion Layer (concat or multiply) (Batch Size,128*2 or 128*1)
FC Layer.4 (joint) (Batch Size,128)
FC Layer.5 (joint) (Batch Size,64)
FC Layer.6 (joint) (Batch Size,2)
Batch Size Learning Rate Learning Rules Dropout Rate

100 0.001 RMSprop 0.5
579

Residual Connection Fusion: Table 7 shows the MDNN with a residual connection580

architecture. Different from the element-wise fusion MDNN, in order to emphasise581

the WiFi feature input as its information amount is relatively incompatible with that of582

time-sequential inertial sensor data, we add a residual connection layer that transfers583

the hidden output (128) from WiFi penultimate fully-connected layer to the joint layer,584

fusing together with the LSTM (128) and DNN last FC layer outputs (128 ∗ 2). So far,585

we derive a 128 ∗ 3 representation for the sensor-fusion component, which performs the586

final location estimation.587

Table 7. MDNN Architecture with Residual Connection Fusion

Layers Output Shape
LSTM Layer (sensor) (Batch Size,128)
FC Layer.1 (WiFi) (Batch Size,128)
Dropout Layer.1 (WiFi) (Batch Size,128)
FC Layer.2 (WiFi) (Batch Size,128)
Dropout Layer.2 (WiFi) (Batch Size,128)
FC Layer.3 (WiFi) (Batch Size,128)
Residual Layer (FC Layer.2 WiFi ) (Batch Size,128)
Fusion Layer (LSTM, FC Layer.3, RL) (Batch Size,128*3)
FC Layer.4 (joint) (Batch Size,128)
FC Layer.5 (joint) (Batch Size,64)
FC Layer.6 (joint) (Batch Size,2)
Batch Size Learning Rate Learning Rules Dropout Rate

100 0.001 RMSprop 0.5

Late Fusion: Table 8 presents the MDNN with late fusion architecture. By combin-588

ing two separate LSTM and DNN models’ outputs, we build additional neural network589

layers on top of the predictions that produces the lat-long coordinate estimation (XSensor,590

YSensor) and (XWiFi, YWiFi) respectively. These estimations form a four-dimensional fea-591

ture input space, which provides the representations needed by the top layers to estimate592

the final latitude and longitude (XFusion, YFusion).593

5.5.2. MDNN Implementation594

We illustrate the estimation results from four types of MDNN with different fusion595

strategies, comparing sensor and WiFi single-modality location estimators results. CDF596

charts are shown in figure 16. We evaluate these models on the aligned multimodality597
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Table 8. MDNN Architecture with Late Fusion

Layers Output Shape
LSTM Layer (sensor) (Batch Size,128)
Sensor Regression Output.1 (X1, Y1) (Batch Size,2)
FC Layer.1 (WiFi) (Batch Size,128)
Dropout Layer.1 (WiFi) (Batch Size,128)
FC Layer.2 (WiFi) (Batch Size,128)
Dropout Layer.2 (WiFi) (Batch Size,64)
FC Layer.3 (WiFi) (Batch Size,32)
WiFi Regression Output.2 (X2, Y2) (Batch Size,2)
Fusion Network (input:X1, Y1, X2, Y2) (Batch Size,2*2)
Regression Output.3 (X3, Y3) (Batch Size,2)
Batch Size Learning Rate Learning Rules Dropout Rate

100 0.001 RMSprop 0.5

dataset collected from two buildings (deployment scenarios) with the following split598

radio: 65%, 25% and 10% for training, validation and testing, respectively.599
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Figure 16. Comparison of MDNN model performances with different fusion architectures.

Figure 16(a) shows the performances of the hybrid concatenation, hybrid multipli-600

cation, residual connection MDNN and late fusion MDNN, as well as the sensor model601

and WiFi model on scenario A. It is noticed that the hybrid concatenation fusion MDNN602

performs the best with 1.98 metres precision within 80%, following by the residual603

fusion and multiplication fusion models. Although the late fusion model has a relatively604

poor 3.7 metres accuracy, it is approximately 2× better than that from the sensor-based605

estimator. In terms of single-modality estimators’ performances, it is noticed that the606

WiFi model perform significantly better than the sensor model with 2.6× better accuracy.607

Within estimation accuracy of 80%, the WiFi model has a precision of 2.6 metres error608

while the sensor model holds 6.9 metres prediction error.609

Based on the evaluation results over scenario B, we observe similar performances610

from these models with the best performance contributed by the same architecture of611

concatenation fusion MDNN shown in figure 16(b). Regarding mono-modality model612

performances, the WiFi model has an error of 3 metres, and the sensor-based model has613

an error of 6.2 metres.614

5.6. Overview of MDNN on Sensor Fusion615

By evaluating the performance of MDNN under different fusion architectures616

(concatenation, multiplication, residual connection and late fusion), we observe that617

the median error of the hybrid fusion multimodal model in the testing set is only 1.98618

meters, which is significantly lower than other fusion models and modality-specific619

estimators of sensors and WiFi data. In general, the CDF plot in Figure 16 shows that620

90% of the errors are lower than 4 meters in both scenarios. The hybrid concatenation621

MDNN fusion method has the best estimation accuracy among all other models under622
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both scenarios, which gives us confidence in the generalisation power of the models. We623

determine to use the element-wise concatenation as the fusion method of the MDNN,624

given name as MM-Loc, for further evaluations.625

6. Results626

In this section, we evaluate the MM-Loc performance under both scenarios, com-627

pared to modality-specific models performances. Meanwhile, we discuss the inference628

accuracy influenced by sensor inputs with different sampling frequencies. Furthermore,629

we add a comparative study on evaluating our proposed MM-Loc with other state-of-630

the-art multimodal positioning solutions based on our self-collected datasets, followed631

by a trajectory visualisation result predicted by the MM-Loc.632

6.1. MM-Loc Evaluation633
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Figure 17. MM-Loc prediction CDF compared with modality-specific models.

In general, MM-Loc performs best in both scenarios. MM-Loc’s median accuracy634

is within 2 metres error for 80% of the prediction cases, which is 3.5× better than the635

single-modality baseline model. By comparing figure 17(a) and 17(b), we observe that636

in scenario A, it is interesting that the MM-Loc performs better than the WiFi based637

single-modality model within the precision of 2 metres, at the intersection point with638

the WiFi model. However, the WiFi model outperforms the MM-Loc for larger precision639

tolerance. In scenario B, MM-Loc always outperforms the single-modality models. This640

is likely due to the WiFi signal coverage is denser in scenario A than that in scenario641

B, which contribute to the WiFi based position estimators. In general, within a strict642

accuracy expectation, MM-Loc outperforms other single-modality models.643

To explore the opportunity to reduce energy consumption, we vary the WiFi scan644

frequency in our proposed MM-Loc system. Specifically, for scenario A, as the default645

WiFi sampling rate is 10Hz, sourced from the system, we reduce the scanning frequency646

of the dataset from 10Hz to 5Hz and 1Hz by applying a filter. The purpose of adjusting647

WiFi frequency is to assess the impact of this energy-saving strategy with scanning648

reduction on the location estimation accuracy. This also shows how our model behaves649

in systems where a high refresh rate is not available. For Scenario B, we decrease the650

WiFi sampling frequency from the original 1Hz to 0.1Hz and even 0.05Hz for the same651

reason.652

Figure 18 presents the comparison between the performances of MM-Loc running653

at different WiFi sampling frequencies. We found that the multimodal model prediction654

accuracy experiences the same trend with decreasing sampling rates. MM-Loc with655

intermediate refreshing rate data still predicts with approximately 4 meters precision.656

Hence, a proper sampling rate setting has minimal contribution to on-device computing657

cost and power consumption with reliable positioning accuracy.658

Figure 19 shows the box plots of the MM-Loc with the default WiFi frequency659

inputs under both scenarios. In scenario A, the accuracy at first quartile (Q1), second660
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Figure 18. Comparison of MM-Loc model performances running at different WiFi sampling rates.

quartile (Q2) and third quartile (Q3) are 0.467, 0.784 and 1.545 meters respectively; While661

in scenario B, Q1, Q2 and Q3 are 0.789, 1.387 and 2.288 metres respectively.
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Figure 19. MM-Loc Prediction Box Plot
662

6.2. MM-Loc Comparative Study663

We compare our proposed MM-Loc performance with other multimodal state-of-664

the-art (SOTA) positioning systems on the same dataset collected from two scenarios.665

These SOTAs include P-MIMO, which uses RNN to extract multiple received signal666

strength and DNN for predicting regression location outputs [31]; HDLM, which uses a667

convolutional neural network (CNN) for RSS feature extractor and LSTM for regression668

locations estimations [32]; GRU-CNN-net, which uses CNN to extract RSS features and669

Gated Recurrent Unit (GRU) for positioning predictions [33].670

Figure 20 represents the CDF performances of the MM-Loc model and the aforemen-671

tioned SOTAs models. By observation, within the prediction accuracy of 90%, MM-Loc672

outperforms all other SOTAs estimation results. The comparison numerical results are673

shown in table 9. Comparing with other SOTA baseline models, our proposed MM-Loc674

wins the best performance, which shows the maximum positioning precision with the675

highest prediction accuracy and the lowest estimation error under both scenarios.

Table 9. Comparative study of model performances under both scenarios.

Method ScenarioA ScenarioB
Min Max Mean Std Min Max Mean Std

MM-Loc 0.0331m 30.1591m 1.5530m 1.7790m 0.0031m 20.2881m 1.8859m 1.9679m
P-MIMO 0.0866m 30.3014m 2.4021m 2.9929m 0.0059m 21.3284m 2.4363m 2.0115m
HDLM 0.0337m 30.9279m 1.9946m 2.5993m 0.0031m 18.4450m 2.1128m 2.0198m

GRU-CNN-net 0.0348m 33.1648m 1.5446m 1.7886m 0.0048m 22.7855m 2.1867m 1.8698m

676
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Figure 20. Comparison of model performance CDF of MM-Loc and SOTA models.

6.3. MM-Loc Visualisation677

Figure 21 presents the predicted footpath from the MM-Loc for two scenarios.678

The Red line indicates the distance between the coordinates of the ground truth and679

estimated locations produced by the MM-Loc model.680
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(b) MM-Loc Predicted Footpath on Scenario B

Figure 21. MM-Loc Footpath Visualisation

We observe that MM-Loc predicts the footpath along the corridor with high fidelity,681

having clear estimation boundaries. However, some predictions are over 5 metres away682

from the ground truth, especially at the corners of corridors. This is likely an effect of683

the difficulty of observations in the WiFi component near corners. The other aspect684

introducing errors is the magnetic interference present in some places on the pathway685

(elevators and heavy iron materials in building materials).686

7. Discussion687

This work shows that conventional smartphone indoor localization methods can688

be modelled by an end-to-end multimodal deep neural network using diverse sensor689

streams. This starts with individual feature extractors specific to each modality (using690

RNNs and DNNs) and then fusing these representations for the final inference through691

joint neural network architecture. With this, we are moving the effort from engineering692

each modality component (step counting, direction estimation) and other conventional693

integration methods (particle filters, Kalman filter and graph-based constraints) to a694

purely data-driven machine learning approach.695

Our data-driven fusion approach builds entirely on the quality and volume of data,696

without engineering preliminary features nor making assumptions about the use of697

the system. Previous systems fail when porting to new environments because of the698

built-in assumptions about the scene. Contrastively, our system is generalizable as it699

requires low deployment costs. This is because the MM-Loc model can be automatically700

retrained and re-compatible to the new-deployed scenarios by transfer learning, relying701
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on the updated sampling data with minimum development costs on data collection and702

labelling.703

Based on the merging methodology that fusing divisive modality features extracted704

by sub-components, the system is potentially extendable to adapt for more variations705

and additional signal sources (such as light, environmental noise, humidity, air pressure,706

etc.) for positioning.707

There is still space for improvements in the estimation accuracy. Despite our708

exploration with a low volume of training data, we show that even this limited training709

set is enough for our end-to-end machine learning multimodal DNN solution. This710

method moves the effort entirely on the quality of training data. Although data collection711

is still a hard challenge for now, we believe this is the only way to capture the fine details712

that are commonly missed by traditional modelling approaches. On the other hand,713

this information would always be there to observe and train on if larger volumes of714

data become available. In the future, this data collection can be automated, either by715

robots roaming the indoor space to update WiFi radio maps or by mass unlabelled data716

collection from users roaming naturally in the environment. With labelling solutions717

based on computer vision [25], this data can be used fruitfully.718

8. Conclusions719

In this work, we introduce an end-to-end hybrid multimodal deep neural network,720

MM-Loc, for performing the task of smartphone indoor localisation. Our MM-Loc is an721

entirely data driven approach. We model the conventional methods of indoor localisa-722

tion, WiFi fingerprinting and Dead Reckoning through neural network structures. These723

are capable of performing location estimation independently, with a median error of724

2.8 metres by the WiFi DNN model and 6.5 metres by the inertial RNN model, respec-725

tively. For fusion we developed MM-Loc as a multimodal structure that bridges feature726

representations from modality-specific models into a more robust location estimation727

approach. Our MM-Loc achieves a performance of 1.9 metres median error and is easy728

to deploy by learning directly from data automatically.729
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