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Abstract: An indoor trajectory is the path of an object moving through corridors and stairs inside a building. There are various types of technologies that can be used to reconstruct the path of a moving object and detect its position. GPS has been used for reconstruction in outdoor environments, but for indoor environments, mobile devices with embedded sensors are used. An accelerometer sensor and a magnetometer sensor are used to detect human movement and reconstruct the trajectory on a single floor. In an indoor environment, there are many activities that will create the trajectory similar to an outdoor environment, such as passing along the corridor, going from one room to another, and other activities. We need to analyse trajectories to obtain the movement patterns, understand the most frequently visited places or paths used as well as the least frequented ones. Furthermore, we can utilize movement patterns to obtain a better building design and layout. The latest studies focus on reconstructing the trajectory on a single floor. However, actual indoor environments are comprised of multi-floors and multi-buildings. The purpose of this paper is to reconstruct a trajectory in an indoor multi-floor environment. We have conducted extensive experiments to evaluate the performance of our proposed algorithms in a campus building. The result of our experiment shows that the height of the building can be detected using a barometer sensor that gives an atmospheric pressure reading which is then transformed by setting the range value according to the number of floors, enabling the sensors to detect activity in a multi-floor building. The readings obtained from the magnetometer sensor can be used to reconstruct the trajectory similar to the real path based on the direction and degree of direction. The system accuracy in recognizing steps in a multi-floor building is about 84%.
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1  Introduction

Tracking is a process used for observing objects on the move over a period of time [1–3]. One example of the tracking process is when we are using Google Maps to navigate from one point to a destination point, then the system will start to observe the movement of the vehicle or footstep in real time [4]. The tracking process gives a timely, ordered sequence of location data for further processing. The tracking data is utilized by Google to develop the path history using the timeline feature which the called trajectory [5]. Fig. 1a shows the navigation feature on Google Maps, that can be used to guide or help the user to find his/her destination. Fig. 1b shows the timeline Feature on Google Maps.
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Figure 1: Google maps navigation (a) Google maps navigation using GPS (b) Timeline feature on Google maps

A trajectory is the path that a moving object follows through space as a function of time [6]. A trajectory can be formed in an outdoor or indoor environment. Many people use Google Maps to help them find a place, guide them to their destination, or for other reasons. Hence, when we are using Google maps, we should turn on the GPS of the mobile device [7,8]. Knowing a trajectory can benefit both Google maps and its users. Users can track their movement history; and Google can use the history of users? trajectories to recommend the fastest routes to their destinations because the data is time-ordered and also indicates the places most often visited by the users [9,10].

Nowadays, many people spend a great deal of time in indoor spaces such as homes, office buildings, campuses, shopping centers, stations, airports or other buildings [2]. In indoor environments, people engage in a number of walking activities such as passing along a corridor, moving from one room to another or gathering somewhere [3,11]. These activities will create a trajectory pattern. Therefore, there is some similarity between an outdoor environment and an indoor environment. However, indoor environments may consist of dozens of floors, such as skyscrapers [11], they may also consist of multi-buildings in structures known as “inter-building” [12]. GPS performance in indoor environments has poor accuracy compared to its performance outdoors. The accuracy is approximately 5 m outdoors, 7 m in forested areas and 10m in enclosed environments [11,13]. It is even less in a concrete building, making it highly unsuitable for indoor environments. While 5 m misplacement for outdoor environment might not give significant issues, In an indoor environment, 1 m misplacement might put the user in an incorrect room or outside the building. Another thing that needs to be considered is the dynamic obstacles such as furniture that moves frequently. It means the trajectory path from one place to another might be different from time to time.

In an indoor environment, there are several factors that can affect GPS accuracy, so it is difficult to track the movements of people inside a building or beneath a roof or canopied structure [11,13]. Furthermore, with the recent technologies such as RFID, Bluetooth and WI-FI which are used in positioning devices in indoor spaces, many of the developing countries, users or institutions cannot afford to have additional devices to support indoor localisation infrastructures. Therefore, one effective way to detect more accurately the movement of a person or object indoors is by means of a mobile device. Mobile devices are suitable for indoor environments because: (1) many embedded sensors are available; [3,14]. (2) mobile phones are ubiquitous, simple to use, and relatively inexpensive; (3) many people appear to be attached to their phones [14,15]. Thus, a sensor embedded in the mobile device can offer an alternative to the traditional GPS technology. Knowing a trajectory in indoor environments has several benefits. For example, in a crowded shopping center, a customer can follow his trajectory to determine where he might have left his wallet. The trajectory data on the mobile device can be used to know the path to visited places and then the path is used to re-record the incident before the wallet was forgotten.

Reference [11] has reconstructed the trajectory in an indoor environment. The focus is on the single floor and the accelerometer and magnetometer sensors are utilised. While in the real live, indoor environment is consist of multi-floor even multi-building called inter-building. The aim of this paper is to reconstruct the trajectory in a multi-floor indoor environment by means of a barometer sensor embedded in the mobile device. The indoor environment that will be used to implement the trajectory reconstruction is the Kultubai Selatan (F) multi-floor building at Telkom University. For the purpose of trajectory reconstruction, sensors embedded in the mobile device will be utilized. These sensors are: the accelerometer sensor to measure acceleration force to detect the motion of the device, a magnetometer sensor bearing, and a barometer sensor to calculate the ambient air pressure. It is anticipated that the ambient air pressure reading can be transformed into the number of floor of the building.

This paper is organized as follows: Section 2 presents the relevant background. Section 3 describes the Multi-Floor Indoor Trajectory Reconstruction, materials and methods. Section 4 presents the results of the experiment and their evaluation. Section 5 concludes the paper and states proposed future work.

2  Background

This section presents a review of the literature pertaining to the tracking of movement indoors, with a focus on: 1) trajectory tracking, 2) android sensor devices; and 3) algorithms.

2.1 Trajectory Tracking

Tracking is used for observing objects on the move over time in either an indoor or outdoor environment [1,3]. This can be in indoor environment or outdoor environment. One application that uses GPS for tracking in outdoor positioning is the Time line Feature on Google Maps [7,8]. However, in an indoor environment, GPS is not easily applicable for tracking as it is in an outdoor environment [16,17].

Many technologies are used in positioning devices in indoor environments, such as RFID, Bluetooth and WI-FI. Also, other recent technologies that can be implemented in an indoor environment include Receive Signal Strength (RSSI) and compressive sensing [3,16,18], RSSI and MEMS sensor [19], and Android and WLAN [16,20].

Two methods can be used to track objects in 3-D space, namely Outside-In tracking and Inside-Out tracking. Outside-In tracking is a method that requires another object such as a beacon, tower or camera, while Inside-Out tracking does not require any external sensors or beacons [21]. Instead, the object being tracked has one or more cameras and an inertial measurement unit (magnetometer, gyroscope and accelerometer) on it which observe the environment and senses it [8,22].

Because the outdoor environment is spacious, GPS technology can be used to form the trajectory. People conduct a range of activities outdoors, all of which will create the trajectory pattern. The trajectory will be used for tracking using an environmental magnetic field [23], to define trajectory queries, and for trajectory indexing [6]. Furthermore, some works have used the integration of hardware and software, which brings a simple and natural platform with a WMR prototype. These systems aim to achieve the wireless planning, generation, and tracking of trajectories using the WMR and augmented reality [24,25]. Also, many works have focused on trajectory planning algorithms and mobility for robots in order to avoid obstacles in indoors spaces. For instance, an online trajectory planning algorithm based on state-time and the partial trajectory adjustment algorithm enabled the robot to achieve an optimal collision avoidance performance in high dense dynamic environments [26]. Moreover, a novel approach has been proposed in order to efficiently produce crash-free optimal trajectories for multiple moving robots in obstacle-rich indoor environments [27].

However, the accuracy of indoor positioning systems is influenced locally by static elements such as the architecture of a building. Hence, positioning in or around buildings often has static local biases, distorting the positioning estimate in a specific direction [4,9]. Not much different from an outdoor environment, in an indoor environment, people engage in a range of activities such as moving from room to another, passing along a corridor, or gathering somewhere. All these activities will create a trajectory pattern [11]. Because of the nature of the interior of buildings, space in indoor environments is limited by a number of factors such as walls, doors and stairways [10,11]. These limitations can block signals to the the GPS device. Moreover, other technologies such as RFID, Bluetooth and WI-FI might be not available in all institutions buildings infrastructures, due to the high costs. However, these problems can be resolved by embedding sensors in a mobile device, enabling the construction of a trajectory pattern in an indoor environment which will be explained next.

2.2 Mobile Device

Nowadays, most people use a mobile device. Mobile phones are ubiquitous, ease of use, and relatively inexpensive [5,14]. Moreover, people tend to have attachments to their phone [14,15,28]. There are many advantages of using a mobile device as a sensor device for tracking:

1.    The requisite sensors are built in. As long as the desired context can be derived and recognized from the data obtained by the embedded sensors, the users do not need to use external sensors in order to obtain required information [4,14].

2.    The smartphones of today have many features that enable context-aware related implementations. Most smartphones have relatively high processing power and sufficient memory for data processing tasks [14]. The smartphone itself is a small computing device with integrated common connectivity.

3.    Most smartphones have also relatively long operation durations. For an average user, under normal usage patterns, a smartphone should have at least a day operation time before a recharge is required [29,30].

3  Multi-Floor Indoor Trajectory Reconstruction

3.1 Embedded Sensors on the Mobile Device

Sensors are devices that can detect specific events and can measure motion, orientation, and various environmental conditions. These sensors are capable of providing raw data with high precision and accuracy, and are useful for monitoring the movement or positioning of three-dimensional devices, or changes in the ambient environment near a device. For example, a travel application might use the geomagnetic field sensor and accelerometer to report a compass bearing. The Android platform supports three broad categories of sensors [21,30]: motion sensors, environment sensors, position sensors.

The sensors’ framework on Android uses a standard three-axis coordinate system to obtain data readings [21,30]. For most sensors, the coordinate system is defined relative to the device’s screen when the device is held in its default orientation.

When a device is held in its default orientation, the X axis is horizontal and points to the right, the Y axis is vertical and points upward, and the Z axis points toward the outside of the screen face. In this system, coordinates behind the screen have negative Z values.

Two important points to remember are: in this coordinate system, the axes are not swapped when the device’s screen orientation changes; and the sensor coordinate system is always based on the natural orientation of a device [11].

3.1.1 Motion Sensor

There are various types of sensors such as accelerometer sensors, gravity sensors, gyroscopes, and rotational vector sensors [21,31]. However, this experiment focuses only an accelerometer sensor. Motion sensors are used to measure the acceleration force and rotational force along three axes. Motion sensors are useful for monitoring device movement or detecting device motion.

An accelerometer measures the acceleration force in m/s2 that is applied to a device on all its physical axes (x, y, and z), including the force of gravity. This sensor is generally used for the detection of motions such as shaking, tilting, rotating or swinging. An accelerometer is available on API level 14, level 9, level 8 and level 3. An accelerometer sensor looks like a gravity sensor, apart from one difference. Accelerometers measure the acceleration force and the force of gravity [21,30]. Hence, when the device is sitting on a table (and obviously not accelerating), the accelerometer’s reading shows a magnitude of g=9.81 m/s2. So, it should be apparent that in order to measure the real acceleration of the device, the contribution of the force of gravity must be eliminated. This can be achieved by applying a high-pass filter. Conversely, a low-pass filter can be used to isolate the force of gravity.

For example, when the device lies flat on a table and is pushed on its left side toward the right, the x acceleration value is positive (Fig. 2).
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Figure 2: Graph of accelerometer reading. (a) Device is pushed on its left side toward the right (b) Device is pushed on its up side toward the down (c) Device is pushed on its front side toward the back

3.1.2 Environment Sensor

Environment sensors are used to measure or monitor various environmental parameters. Some sensors can be used to monitor relative ambient humidity, ambient pressure, and ambient temperature. Barometers, photometers, and thermometers come under this category of sensors [21,32]. The focus of this paper is only on pressure sensors.

The pressure was calculated as P=F/A where P is pressure, F is force and A is the area [21]. Pressure sensors measure the ambient air pressure which returns a reading of hPa or mBar [11,21]. In [32] mention that barometers measure air pressure and can be used to forecast the weather. Air pressure can be measured in inches of mercury, millimeters of mercury, or hectopascals, depending on the location and scale of the device [33]. A barometer measures atmospheric pressure, so we can obtain a general estimate of what will happen when the air pressure rises or falls. If the air pressure rises, this indicates fine weather to come; if it drops, this signifies future bad weather such as rain or snow, or something similar.

Nowadays, a modern smartphone can be embedded with a barometer to increase GPS results in regard to elevation, because the device can be affected by atmospheric pressure [32]. Data measured by sensors is then used to determine how high the device is above sea level, which in turn results increases the GPS accuracy. In terms of barometric measurement, 1000 hPa is equal to 1000 mbar, which is equal to 750 mm of mercury in a barometric column, which is 0.987 of the average atmospheric pressure, which on global average is 1013 millibars or hectopascals [32,33].

In this study, we transform the result of the pressure sensor reading to detect the number of floors in the building by setting the range value.

3.1.3 Position Sensor

Position sensors are used to measure the physical position of a device. Orientation sensors and magnetometers come under this category of sensors [21,34]. This experiment demonstrates the function of a magnetometer. A magnetometer measures the ambient geomagnetic field in the X, Y, and Z axis in μT. Generally, it is used to create a compass. This sensor is a type of hardware, and is available on all API levels. A magnetometer sensor reading will show direction and the degree of direction of the device based on the wind direction shown.

3.2 System Architecture

The architecture of the proposed system consists of a mobile application to record the sensor value, and a computer program to develop the path or to reconstruct the trajectory. A detailed explanation of each component of the architecture will be given below. Fig. 3 illustrates the system architecture and its flow.

In the first stages, the mobile device applications include the embedded sensors: accelerometer, magnetometer and barometer sensors. When we click the start button on the smartphone or mobile device, it will record the sensor readings. The accelerometer sensor will detect the acceleration of the gravitational force on the x, y, and z axes when the application is running. The magnetometer sensor is used to serve as a compass that shows the direction and angle formed by mobile devices against the compass point, while the barometer sensor is used to detect or calculate the height according to the range that has been defined.

The data obtained from the sensors that will be recorded on Google Firebase comprise bearings, the number of steps and the barometer reading. The data is recorded as soon as a footstep is detected. In the second stage, the computer program is used to process the data and reconstruct the data as a path. To reconstruct the path, we have to know the value of coordinates. This value is obtained from the calculation of angles using trigonometric rules.
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Figure 3: Overview of system architecture

3.3 Data Structure

To reconstruct an indoor trajectory, we need sensors embedded in a smartphone, so we will need a feature that can save sensor readings. The data structure will be stored in this system as shown in Tab. 1. The barometer sensor reading is saved as an altitude attribute. The angle is seen in the compass reading obtained from the magnetometer sensor. By knowing the angle, we can make a line to reconstruct the trajectory. The last one is the number of steps. This attribute will save the number of steps when movement is detected by the smartphone.
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3.4 Algorithm

The first algorithm as shown in Algorithm 1 is used to record accelerometer and magnetometer sensor values. Accelerometer sensor is used as pedometer (electronic device used to count the steps of people walking), magnetometer is used as a compass to record the directions and the degree value of the direction. The use of Signal Vector Magnitude (SVM) is proposed to detect walking condition or stop [11]. Walking is a condition where there is a movement position of the object from one point to another point while stopping is a condition where there is no movement position from one point to another point. Below is calculation of SVM (1).
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The first algorithm is used to record accelerometer and magnetometer sensor readings. The accelerometer sensor is used as a pedometer (an electronic device used to count the steps of people walking); the magnetometer is used as a compass to record the directions and the angle of the direction. The use of a Signal Vector Magnitude (SVM) is proposed to detect walking or stopping [11]. Walking is a condition where the object takes steps to move from one point to another; stopping is a condition where the object does not move from one point to another point. Below is the calculation of SVM (1).


SVM=Accx 2+Accy 2+Accz 2(1)

The SVM calculates the acceleration value when walking [11]. The Accx, Accy, and Accz are the values based on the physical of x, y, and z axes of accelerometer sensor reading.

The second algorithm is proposed for the reconstruction of the trajectory (Algorithm 2). First, the data is preprocessed. The data that will be used is the size of the angle and the number of steps recorded. The data is labelled as 1 if a step is detected, and labelled as 0 if it stops [11].
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A trigonometric theorem as shown in Tab. 2 is used for the reconstruction. The Trigonometry Theorem is used to obtain the value of coordinates in a Cartesian diagram. Since we have the value of the angle from the compass reading that shows the angle and direction for human movement. Below is the basic formula for the trigonometry theorem:
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In algorithm two has been implemented trigonometric theorem, the result of reconstruction does not match the actual path [11], so a trial and error step is proposed. Based on trial and error, Reference [11] found the formula that establishes the real path. Also, Since the Cartesian diagram that will be used is in quadrant 1, the development of trigonometric formulas is carried out according to the formula for quadrant 1 below:


cos(90-α)=yr⇔y=r× cos(90-α)
(2)


sin(90-α)=xr⇔x=r× sin(90-α)
(3)

The next algorithm shows how to record the value of the sensors and detect the footsteps saved on the database. In this algorithm, the accelerometer sensor is used to detect and recognize the number of steps (footstep), the compass bearings found by the magnetometer sensor, and the altitude readings obtained by the barometer sensor. First, to detect whether an activity is a walking or stopping one, we do a SVM (Signal Vector Magnitude) calculation and then normalize the SVM result. The result of this normalization is used to calculate the velocity of the human movement, so that we can recognize the activities (walk or stop). After the system recognizes or detects the number of steps, the data of angles, number of steps, and altitudes is stored in the Firebase database.

In the algorithm used for reconstructing trajectories, the system will read all data stored in the database. Based on the previous explanation, the data to be read is the direction, size of the angle, number of steps, and altitude. Data stored in the database certainly shows human movement activity which is a running activity, so there must be a number of steps to be detected.
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4  Evaluation

In this section, we will describe the testing scenario, and present the results of the experiment. The results will indicate the level of accuracy of the system in terms of recognizing the steps. In this evaluation, we use Android devices as since Android dominates worldwide market share, especially in developing countries.

4.1 Testing Scenario

We built a testing area replicating a Cartesian diagram consisting of three axes where the x-axis represents the east direction of the wind, the y-axis represents the north direction of the wind, and the z-axis represents the value of the barometer reading which will be turned into a floor. The numbers on the x, y, and z-axes represent every 1 footstep, which is set for a woman with an average height of 153 cm and a footstep length of about 38 cm. The path testing scenario is divided into a single floor and a multi-floor. The single floor is depicted in Figs. 4 and 5 shows the multi floor.
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Figure 4: Illustration of tow different paths on single floor. (a) Walking direction to the east (b) Walking direction to the diagonal
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Figure 5: Illustration of path on multi-floor. (a) The walking direction from the first floor to the second floor (b) The number of footsteps detected

For the test scenario, the effect of threshold and device position will be taken into account. The threshold is used because pedometer applications commonly apply it to recognize human steps. In this experiment, only walking and stopping activities are considered. The other factor is the placement of the device, which also impacts on threshold and step detection.

When the mobile device is utilized as a compass, we hold the device at an angle of 0∘. When we use the mobile device as a pedometer, we hold the device in different positions, so the positioning angles of the device are 0∘, 30∘, 45∘ or even 90∘. The testing scenario is run with 10 actual steps taken in the single floor and 57 steps in the multi-floor; there is no influence of times. There are three scenarios for the testing of subject activity.

4.1.1 Threshold

We proposed various threshold values to recognize walking or stopping activity, ranging from from 0.1 to 0.5. The threshold value affects the recognition of steps (walking activity) because the step will recognize whether the SVM calculation exceeds the threshold value. The smaller the threshold value, the more sensitive the system is to recognizing the step. Fig. 6 shows the accelerometer reading the human movements are detected.
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Figure 6: Graph of accelerometer reading. (a) When the human moves to another position, the accelerometer reading changes. When the human stops, the accelerometer reading is constant (b) Shows the accelerometer reading during a walking activity on a single floor and upstairs

4.1.2 Device Position

Because of the limitations associated with holding the device, we proposed holding the device at four different angles because each person has his/her own way of holding a device, positioning it at the most comfortable angle. In this experiment, we devised a scenario testing the positioning of a device at different angles: 0∘, 30∘, 45∘, and 90∘. The performance of the compass may be affected by positioning the device at an angle of 90∘, so we aim to investigate that. After we obtain the optimum threshold value (from 0.1 to 0.5), the threshold value is applied to each device position; after that, we take the average of the level accuracy.

4.1.3 Range Walking

The aim of determining range walking is to find out how accurately the system can recognize the user activity. Using various thresholds and device positions in the testing scenario, we can distinguish between walking and stopping activities. Fig. 7 depicts the testing scenario range walking.
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Figure 7: Testing scenario for range walking with 10 steps taken over a 20-second period. (a) 2 s for walking and 2 s for stopping (b) 5 s for walking and 5 s for stopping (c) 10 s for walking and 10 s for stopping

4.2 Testing Result

This section presents the results obtained from our testing scenarios. The focus of the evaluation is on how accurately the application sensor system recognized the number of steps in each testing scenario, and whether it was a walking or stopping activity.

4.2.1 Threshold

In the testing scenario, we used threshold values ranging from 0.1 to 0.5. Tabs. 3–5 below show the number of steps recognized when SVM is over the threshold value.
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The tables above show that the smaller the threshold value, the better the system recognized the step because the sensor is more sensitive when comparing between the result of SVM and the threshold. The sensitivity of the threshold affects the ability of the device to process the vibration generated during the walking or stopping activity [11]. The system will recognize it as a step when the value of the SVM calculation is more than the threshold. Based on the formula proposed to calculate the accuracy, we obtain all the accuracy of the data. From the accuracy levels obtained, we calculate the average of each threshold accuracy and express this in Figs. 8a and 9. Note that the testing involved in many paths, only path a, c and d shown as an examples.

The graphs show that the optimum accuracy is achieved when the threshold value is 0.3, giving an average accuracy of about 88.75% for all paths in the scenario testing.
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Figure 8: The level average of accuracy for paths c and d scenarios testing. (a) Scenario a (b) Scenario c (c) Scenario d

4.2.2 Device Position

As mentioned previously, we used four device positions and thresholds ranging from 0.1 to 0.5. To determine the accuracy, we calculate the average of each scenario involving the device position. Below in Figs. 9a–9c representation of the average accuracy based on the position of the device.

From the figures, we can see that when the device is positioned at an angle of 0∘, optimum accuracy is achieved. However, when walking, people generally position their device at angles between 30∘ to 60∘ which obtains up to 74% accuracy.

[image: images]

Figure 9: The average level of accuracy. (a) Single floor with threshold = 0.3 (b) Single floor with threshold = 0.1 (c) Multi floor with threshold = 0.3

4.2.3 Range Walking

The results of our experiments show that the best threshold and the best device position can be used to distinguish between walking and stopping activities. We also examine the results of the range walking test in single-floor and multi-floor scenarios in order to determine the extent of its impact on results.

The level of accuracy based on the steps recognized are given in Tab. 6.
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As can be seen from Fig. 10 the optimum accuracy is achieved when the threshold is 0.3.
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Figure 10: Graph visualization level of accuracy range walking test scenario based on the best threshold and device position is 0∘

The result of multi-floor testing scenario can be seen below in Tab. 7.
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Figure 11: The level of accuracy (%): Number of steps recognized by the system; the comparison of the best threshold when the device is positioned at an angle of 0∘ in a multi-floor scenario

The level of accuracy based on the number of steps recognized is shown in Fig. 11. Here, it is clear that the optimum accuracy is achieved when the threshold value is 0.3.

5  Conclusions

This paper investigates the reconstruction of trajectories in a multi-floor indoor environment by embedding a barometer sensor in a mobile device. The sensors involved are the accelerometer sensor to measure the acceleration force exerted on the mobile device when detecting motion, a magnetometer sensor to measure, and an additional barometer sensor to calculate the ambient air pressure, with the expectation that the ambient air pressure reading can indicate the number of floors in a building. Here, the steps are recognized accurately when 0.3 is the threshold and the device is positioned at a 0∘ angle. The best threshold value and the best position of the device obtained can be used to optimize the use of sensor readings when recognizing the human activity of walking (condition when there is a movement position detecting) or stopping based on accelerometer reading for the step and magnetometer for the path reconstruction. In addition, there is a trajectory reconstruction error in a multi-floor scenario because the barometer sensor reading is not stable as a result of fluctuations in the natural environment. The level of accuracy of the system when recognizing steps is 84% for a multi-floor scenario and 88.75% for a single floor. Also, the average level of accuracy when recognizing a walking activity or a stopping activity is about 90% for a single-floor scenario and 87% for the multi-floor.

There are several improvements that could be achieved by conducting future work in this area. First, the accuracy of the angle reading needs to be improved. Corrective data could be used to determine the level of accuracy of the compass in the mobile device. As we know, the compass in a mobile device is consumer-grade, and therefore not reliable enough to determine the angle accurately. Furthermore, to implement indoor trajectory reconstruction in an inter-building, several features need to be taken into consideration such as lifts, escalators, overlapping building and floors, and the movements of objects (i.e., walking or running).
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Table 4: The number of steps recognized for path ¢

Threshold  Real path Steps recognized for path ¢

1 2 3 4 5 6 7 8 9 1
0.1 10 7 7 8 8 9 8 6 8 8 7
0.2 10 7 7 8 6 6 8 8 7 8 8
0.3 10 8§ 8 9 9 10 10 10 9 9 9
0.4 10 6 6 8 7 6 7 7 6 7 5
0.5 10 7 6 2 5 6 7 6 4 5 6
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Algorithm 2: Reconstructing trajectory obtained from the recorded value

Result: Array of coordinates X, y
data < value of sensors reading;
angle < empty array [];

labelling «<— empty array [];

1 < 1;

while i < length of data+1 do
dataangle < compass reading;
step < pedometer reading;
while i < length of data+1 do

if step (i) ==0 or step (i) == data(i-1) then
labelling <« 0;
else
| labelling < 1;
end
1 <« i+1;
end

if labelling (i) ==1 then
| angle <« dataangle
end

1«1+ 1;

end

1 < 1;

while i < length of labelling+ 1 do

if i-1 =0 then

x(1) < 0;

y(i) < 0;

else

if labelling (i) ==0 then

x(1) < x(i-1);

y(i) < y@-1);

else

x(1) < x(i) + cos (90-angle(i-1));
y(i) < y(i) + sin (90-angle(i-1));
end

end

1 <1+ 1;

end
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Table 7: The number of steps recognized by the system when the device is positioned at an angle
of 0° and the comparison of the best threshold in multi-floor scenario

Range walking multi-floor
Threshold Actual step 2s 5s 10s

0.1 57 74 56 51
0.3 57 52 49 48
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Algorithm 3: Recording the value of the sensors and detect the footstep save into database
Result: The value of sensor reading (angle, number of step, altitude)
Number of step = 0;
Threshold = the value of threshold to detect the step;
Velocity size = 10;
Accelerometer ring size = 50;
STEP DELAY NS = 1000000000;
old Velocity Estimate = Of;
last Step TimeNS = 0;
while buttonStop # true do
read accelerometer sensor value (X, y, and z axes);
read magnetometer sensor value;
read barometer sensor value;
smoothed Gravity = LowPassFilter the value of accelerometer;
smoothed Compass = LowPassFilter the value of compass;
smoothed Altitude = LowPassFilter the value of barometer sensor;
STEP DETECTOR = convert and normalize the value of smoothed gravity;
calculate the Velocity Estimate;
angle = converting the result of smoothed compass into degree;
if (Velocity Estimate > Threshold) and (odl Velocity Estimate < Threshold) and (TimeNS - last
StepNs > STEP DELAY NS) then
Number of Step = Number of + 1;
last Step TimeNS = timeNS;
Data = array dictionary of angle, number of step and altitude ;save to database;

end
old Velocity Estimate = Velocity Estimate;

end
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Table 1: Data structure for path reconstruction

Attribute
Altitude

Angle

Number of step

Data type
Float
Float
Number

Description

Value of barometer reading
Value of compass reading
The number of steps detected
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Table 6: The number of steps recognized by the system when the device is positioned at an angle
of 0° and comparison of the best threshold for a single-floor scenario

Range walking
Threshold Actual step 2s 5s 10 s

0.1 10 16 10 9
0.3 10 9 8 10
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Algorithm 4: How to reconstruct trajectory from the value that store in database

Result: Array of coordinates X, y and z

read the database;

Data: array dictionary of data angle, number of step and altitude;
read the index with the altitude value;

floor = check range value of altitude, convert into floor;

index <« 1;

while (index < length of Data + 1) do

if index ==0 then

X = 0;
y =0;
z = floor;

else

x = Data[index-1].x + cos (90 — Data[index-1].angle);
= Data[index-1].y + sin (90 — Data[index-1].angle);
z = floor;

<

end
end
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Table 2: Trigonometric formula for quadrant 1

Quadrant 1 (90 —«a)

Sin « Cos (90—« )
Cos o Sin (90—« )
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Table 5: The number of steps recognized for path d
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Algorithm 1: Sensors value recording in mobile application

Result: reading of sensors Value

T <« threshold for step detector;

number of steps <« 0;

while buttonStop # True do

read value of x, y, z axes;

read value of angle;

SVM calculating;

if one second then

if SVM over threshold then

number of steps < number of steps + 1;
write the sensors value;

new number of steps;

write value of angle;

else
write the sensors value;
write new number of steps;
write value of angle;

end
end
end
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