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Abstract: Long Range Wide Area Network (LoRaWAN) in the Internet of Things (IoT) domain has been the subject of interest for researchers. There is an increasing demand to localize these IoT devices using LoRaWAN due to the quickly growing number of IoT devices. LoRaWAN is well suited to support localization applications in IoTs due to its low power consumption and long range. Multiple approaches have been proposed to solve the localization problem using LoRaWAN. The Expected Signal Power (ESP) based trilateration algorithm has the significant potential for localization because ESP can identify the signal’s energy below the noise floor with no additional hardware requirements and ease of implementation. This research article offers the technical evaluation of the trilateration technique, its efficiency, and its limitations for the localization using LoRa ESP in a large outdoor populated campus environment. Additionally, experimental evaluations are conducted to determine the effects of frequency hopping, outlier removal, and increasing the number of gateways on localization accuracy. Results obtained from the experiment show the importance of calculating the path loss exponent for every frequency to circumvent the high localization error because of the frequency hopping, thus improving the localization performance without the need of using only a single frequency.
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1  Introduction

The localization techniques can be broadly divided into two categories depending on range measurements, such as range-based [1,2] and range-free techniques [3–5]. The range-free approach does not require distance or angle measurements among nodes. It localizes nodes by simple sensings, such as wireless connectivity [6], and anchor proximity [7]. This makes it a low-cost solution. However, its localization accuracy is very low [5]. The range-based localization uses the geometrical information of the devices and the separation distance between them, thereby increasing localization accuracy [2,8]. The traditional radio frequency (RF) technologies that have been widely used are Global Positioning System (GPS), Wi-Fi, Bluetooth Low Energy (BLE), etc. The problem with the traditional technologies is high power consumption; therefore, these technologies are not efficient to be used for localization in IoT. To solve the problem of high-power consumption, Low Power Wide Area Networks (LPWANs) are getting very much attention in the field of localization. There are many vendors and competing standards in the LPWAN space, the most prominent of which include: DASH7, Sigfox, LoRaWAN, Weightless, Wize, etc. Long Range Wide Area Network (LoRaWAN) is well suited for localization applications as it can be used with little power. Although GPS is very accurate outdoors, regular battery charging or replacement is needed. Secondly, GPS signals have low penetration power, especially in high-rise buildings, mountains, etc. The localization can be done for years without charging or replacing the battery on LoRaWAN devices. With a 250 mAh battery, it is possible to have 20000 transmissions before depletion of the battery compared to GPS, which can have only 1000 GPS calculations [9]. Localization accuracy has always been the major problem while using LoRaWAN. Multiple range-based approaches like Angle of Arrival (AoA), Time of Arrival (ToA), Received Signal Strength Indicator (RSSI), and Time Difference of Arrival (TDoA) are proposed by the research community for the improvement in the localization accuracy [10]. ToA approach can be more accurate when the synchronization offset is very low between the end node and the gateway, which is highly unlikely due to the clock drift over time. The clock of the LoRaWAN board used in the end device depends on the crystal oscillator. The crystal oscillator has the problem of drift over time [11]. AoA needs to have antennae arrays (receiver side) to find the location [12], which the LoRaWAN currently does not support [11].

In this research article technical evaluation of the trilateration technique for finding out the location of the end node is carried out. Moreover, the experimental evaluation was conducted on campus to validate the working of LoRaWAN for outdoor localization having the maximum strength of students and the maximum mobility of the vehicles. Additionally, ESP has been used instead of the RSSI to characterize the signal energy. Most importantly, the solution is proposed for the localization error caused due to frequency hopping. Instead of using only a single frequency, results from the experiment show the importance of calculating the path loss exponent for every frequency to circumvent the localization error caused due to the high variance in ESP because of the frequency hopping.

The rest of the paper is organized as follows. In Section 2, a review of localization techniques that have been applied using LoRaWAN is discussed. Detailed methodology is included in Section 3. Results based on the data collected using LoRaWAN and the application of the trilateration technique are elaborated and discussed in Section 4. The conclusion is derived in the last section, along with the references.

2  Related Work

Different approaches have been studied in the literature to carry out the localization. These approaches include but are not limited to trilateration [13], Time of Arrival (ToA) [14–16], Time Difference of Arrival (TDoA) [17], Angle of Arrival (AoA) [18], and Fingerprinting techniques [19]. The trilateration technique uses the received signal strength indicator (RSSI) to calculate the distance between the end node and the gateways. This technique needs to have a minimum of three gateways. ToA technique uses the time taken by the signal to reach the receiver. This time is then converted to the distance. TDoA works similar to ToA. They both are time-based techniques to convert time into distance. In TDoA, the time difference of the signal to reach at least two gateways is calculated. This difference is then used to determine the distance between the end node and the gateways. The AoA technique uses the angle of the signal received at the gateway. This angle is then used to find out the location of the end node.

In [20], the trilateration technique is used to determine the localization accuracy between Wi-Fi, BLE, and Long Range (LoRa) in an indoor environment. The authors concluded that the Wi-Fi had the highest accuracy of 0.54 m. The LoRa had an accuracy of 0.62 m, but their findings were limited to three different environments having a graduate lab of 24 × 24 square feet area, a corridor of 23 × 23 square feet, and a classroom with an area of 50 × 30 square feet. Secondly, the authors carried out the experiments from 1700 h to 2100 h so that there is minimum mobility of students. Trilateration has been implemented in an experimental evaluation of cell-level indoor localization using Wi-Fi and LoRa in [21]. The authors divided a small testbed area into cells and predicted the cells using the trilateration technique. The authors concluded that the Wi-Fi based trilateration technique is better. In [22], the LoRa has been used for indoor localization at an apartment building. They considered the LoRa localization accuracy using the LoS and NLoS scenarios. The authors concluded that in an LoS scenario, the accuracy is 1.6 m, while for an NLoS scenario, the accuracy is 3.2 m.

Sciullo et al. [23] implemented a LoRa-based mobile emergency management system (LOCATE). They used the end nodes to send the GPS locations to the server. If the node could not receive the GPS location due to no GPS signals, it requests the neighboring nodes for their locations. The current end node then applies the trilateration technique after getting the response from at least three end nodes with their GPS locations. In [24], LoRa has been implemented for search and rescue operations. The path-loss model was implemented to search for the person to be rescued. First, path loss data needed to be collected at the locations, and then the end node’s location was predicted.

The study based on frequency hopping was conducted by Kwasme et al. [25] in a test area of 50 × 90 m using an RSSI-based trilateration technique for localization using LoRaWAN. The work has concentrated on an outdoor location in an open football field with LoS between gateways and end nodes. The study comprised six gateways. They removed the outliers that were away 15–20 dBs from the average RSSI values and called it a refined average. The study concluded that frequency hopping has a negative impact on localization accuracy. It further concluded that using an average RSSI reading of a single frequency reduces the impact of the frequency hopping on localization accuracy.

Bansal et al. [26] presented a LoRa localization system named OwLL. The authors used the frequency hopping function of LoRaWAN to stitch the multiple TV whitespace and the ISM band to solve the low-bandwidth problem of LoRa and then used the TDoA technique to perform the localization. This technique helped them to get a median localization error of 3.6 m for LoS clients and 14.8 m for the NLoS locations.

Several researchers used RSSI-based fingerprinting techniques and machine learning algorithms to predict the location of the end nodes. Lazaro et al. have implemented a room-level localization system using the LoRa Backscatters [27]. Their system detected the LoRa Backscatter’s location by comparing the received RSSIs at all the receivers. The system performed at an accuracy of 89.7% by using the linear discriminant analysis (LDA). The fingerprinting algorithm is implemented by Anjum et al. [28]. The prediction of the location was made by using machine learning algorithms. The fingerprinting technique has high accuracy in determining the position of the end node, but labor-intensive measurements of fingerprints are needed at outdoor locations. This technique works very well in an environment that does not have rapid changes. For example, the fingerprints taken on the day differ from those taken on the following day due to possible environmental changes. This potential change in the environment can be caused due to many reasons, like more cars parked on the second day and the increase in the density of the people. Therefore, it is needed to keep the fingerprints updated, which is very labor-intensive work for outdoor scenarios. The fingerprinting technique is best for indoor scenarios as there is less chance of rapid change in the environment. Similarly, a quantum bird migration optimizer-based node localization (QBMA-NL) [29] technique is presented, which uses RSSI and the Euclidean distance to find out the location of the target nodes. In [30] random neural networks have been used for outdoor LoRa localization. In this method, the fingerprints need to be collected first; then, using those fingerprints, the neural networks have been implemented to predict the location of the end node.

The Time Difference of Arrival (TDoA) technique can be used for localization. The problem with the TDoA is the synchronization offset between the gateways. The gateways need to be tightly synchronized for the TDoA technique to work efficiently for localization. Yoshitome et al. [31] compared the RSSI and Time Difference of Arrival (TDoA) for the outdoor localization and concluded that TDoA works best in the outdoor scenario.

In comparison to the latest literature, this study contributes to the experiments carried out in a large-scale outdoor environment with maximum mobility of people and vehicles. The challenging terrain and the environment were chosen deliberately to get an accurate picture of the capabilities of the LoRa to be used for localization using the trilateration technique. Instead of traditionally used RSSI, we used ESP to characterize the energy of the signal below the noise floor [32]. Most importantly, we evaluated the localization performance in the presence of frequency hopping. To the best of the author’s knowledge, previous works focused on using a single frequency to circumvent the high variance in ESP due to frequency hopping, but in LoRaWAN, end devices and gateways interact continuously to allow the data transmission to “hop” to other frequency channels that are more suitable for the speed, duty cycle, system’s power, and range constraints [33]. Therefore, only using a single frequency would not do any good but deteriorates the LoRaWAN function more.

3  Methodology and System Setup

This section explains the detailed methodology that has been adapted, the setup of hardware, and the testbed.

3.1 Hardware Components

The devices used for the experiments were Dragino LoRa shield as an end node and RisingHF (RHF2S008) as a gateway. The end node and gateways were powered by a power bank and power over ethernet (PoE) respectively. This gateway has an integrated GPS module that helps find out TDoA. The gateway features are [34]:

•   LoRaWAN half-duplex operation mode

•   Uplinks include eight multi-SF LoRa channel

•   One single-SF LoRa channel and 1 GFSK channel

•   Output power achieves 27 dBm max

•   Receiver sensitivity as low as −141 dBm

•   Support 10/100 M Ethernet connection and GPRS/3G/4G connection

•   Antenna gain is 3 dBi

The network server used was the online public network server named THE THINGS NETWORK. LoRa Shield transmits the data to the gateway. The gateway then transfers the data along with the metadata like RSSI, Timestamps, and SNR to the public online network server “THE THINGS NETWORK”, as shown in Fig. 1. The gateways can be connected to the internet or “THE THINGS NETWORK” using Ethernet, GPRS, 3G, 4G, and Wi-Fi.
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Figure 1: “THE THINGS NETWORK” and the overall experimental system setup

3.2 Test Dimensions

The experiments were conducted in an area of 1850 by 705 m at Universiti Teknologi PETRONAS (UTP). Three to four story buildings, trees, lakes, open grounds, and foliage are present in the area. The experiments were conducted from a time duration of 0900  to 1700 h from Mondays to Fridays. The chosen timings were deliberate to have a maximum strength of students and the maximum mobility of the vehicles on the campus. No experimentations were conducted on weekends when there is little strength of students, and the mobility of vehicles is significantly less. The days and the time were chosen to have maximum interference in the LoRa signals to derive an accurate picture of the capabilities of the LoRa for localization using trilateration.

3.3 Placement of Gateways and the End Nodes

The map of the points where ESPs are measured can be seen in Fig. 2. Six gateways and three end nodes were used for the testbed. Two hundred random points in Universiti Teknologi PETRONAS were selected for the end nodes. At each point, a total of 21 ESP values were taken. The distances between the End Node and gateways were calculated using the longitudes and latitudes of the End Nodes and the gateways using Eq. (1).

m=2∗tan−1(sin2(l2−l12)+cosl1∗cosl2∗sin2(q2−q12)1−{sin2(l2−l12)+cosl1∗cosl2∗sin2(q2−q12)}),n=R∗m(1)
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Figure 2: A mapped tagging of the gateways and the end node’s locations in UTP

In Eq. (1), n is the distance between two points on earth, l is the latitude, q is the longitude, R is the radius of the earth which is approximately equal to 6371 km [35]. The location of the gateways and the end nodes can be seen in Fig. 2. with green and blue markers, respectively. The experimental evaluation began with three gateways and ended with six placed on the building rooftops to determine whether the localization error increased or decreased. The gateway locations were fixed and chosen carefully to have internet and power.

The gateways and the end nodes were positioned on a tripod. The height of the tripod was1.5 m. The gateway with the highest elevation was 74 m above sea level, as seen in Fig. 3. The elevation has been measured by a mobile application named Ulysse Speedometer. The variance in end node and gateway placement heights can affect the localization accuracy. It is challenging to make the elevation constant because of their placements in different areas and distances. It is pertinent to note that all the measurements were taken outdoors, and no indoor measurements were carried out in this experiment.
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Figure 3: Orientation and placement of the end node and the gateway

3.4 Expected Signal Power (ESP) Based Trilateration

RSSI is one of the most used approaches in localization [36–40]. RSS is the actual power strength of the signal received and is measured in dBm or mW. The RSS determines the distance between Transmitter and Receiver in range-based techniques. The larger the distance smaller the RSS, and the smaller the distance larger the RSS between transmitter (Tx) and receiver (Rx). The received power cannot be solely used to determine the distance because of the shadowing and the multipath effect, which are random [41] and can be shown in Eq. (2).

Pi[dBm]=Ploss(di)+υi+γi(t)(2)

where Ploss(di) is

Ploss(di)=PTx+C−10ηlog10[did0](3)

Pi[dBm] is the received power in dBm, Ploss(di) in Eq. (3) is the loss at a distance di, PTx is the transmitted power, C is a unitless constant that depends on the frequency and the reference distance d0, η is the path loss exponent, which can be found using mean square error or least square estimation, υi is the attenuation due to shadowing, and γi(t) accounts for the fast fading effect [42]. Shadowing can be considered constant for longer, while rapid fluctuations occur in fast fading. Therefore, the received packets have equal shadowing at different times but almost independent fading. The term for fast fading in Eq. (2) can be averaged by considering multiple readings from the same static node [41]. Therefore, Eq. (2) can be written as Eq. (4).

Pi[dBm]=PTx+C−10ηlog10[did0]+υi(4)

Despite the fact that LoRa has the ability to receive transmissions up to 20 dB below the noise floor, the RSSI is unable to capture the path loss of these incredibly weak signals. To capture the energy of the signal, LoRa employs the ESP [32].

Now to relate RSSI with the received signal power Pi[dBm], Eq. (5) shows the expression of RSSI with the level of noise and the received signal power [43].

RSSI[watt]=Pi[watt]+Pi[watt]SNR[watt](5)

Packet’s SNR and RSSI are used to calculate the ESP and further the path loss. It can be shown in the logarithm unit [43] with Eq. (6).

ESP[dBm]=RSSIdBm+SNRdB−10log10(1+100.1SNRdB)(6)

Localization using ESP requires trilateration or N-point literation to locate a device relative to the reference point, as shown in Fig. 4.
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Figure 4: Trilateration using three gateways

The location of the end node is the intersection point of the three circles represented by (x,y). The known points can be represented by (xi,yi), and ri shows the radius of the circles. These param can be applied to the distance equation [44], resulting in Eq. (7).

(x−x1)2+(y−y1)2=r12,(x−x2)2+(y−y2)2=r22,(x−x3)2+(y−y3)2=r32(7)

By doing simplifications, the location of the end node (x,y) can then be found using Eq. (8).

x=CE−FBEA−BD,y=CD−AFBD−AE(8)

where A=(−2x1+2x2),B=(−2y1+2y2),C=r12−r22−x12+x22−y12+y22,F=r22−r32−x22+x32−y22+y32,D=(−2x2+2x3), and E=(−2y2+2y3).

3.5 Path-Loss Exponent

It is crucial to estimate the path loss exponent for the environment before performing the experiments. It is worth mentioning that the PLE depends on the environment. The PLE in free space is different, as is the PLE at a location with many buildings, trees, etc. The PLE can be calculated empirically or using standard value tables for various environments [42]. The second approach cannot be implemented in our methodology as many buildings, trees, people, and cars exist. It is, therefore, not an easy task to calculate the PLE using the typical values table. The method used to determine the PLE in our study is the linear least squares regression. This method minimizes the vertical distance between the regression line and the ESP. It is crucial to estimate the PLE as correctly as possible to find the distance with the least errors.

A total of 14 random points at different locations and distances from the gateways have been selected, with 21 ESP readings at each location recorded. These readings at each location are then averaged and plotted to the curve. The logarithmic distance 10log(d/d0) at the x-axis and the path loss in dB at the y-axis give us the path loss exponent using the linear least squares regression [25] as shown in Fig. 5.
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Figure 5: Linear least squares regression lines for all the frequencies to determine the path-loss exponent using 14 different locations

The path loss exponent and the standard deviation found by the above-discussed method for different channels using different frequencies can be found in Table 1. We have used the path loss exponents of every frequency in the localization algorithm to counter the frequency hopping effect on localization error. With β > 3 for all the different frequency channels, it can be observed that the campus environment is very harsh for the LoRa signals. It is important to note that the PLE for the free space is 2.
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3.6 Gateway Diversity

We started the ESP measurements with three gateways and 21 ESP readings at each location. The gateways were then increased by choosing the locations where the power and internet were available. For the multilateration algorithm, the number of gateways was increased to six. The ESPs received from all the gateways are then combined and averaged out so that the overall impact of gateway diversity can be observed in localization error.

3.7 Frequency Hopping

Frequency hopping is the dynamic change in the frequency LoRa uses to send packets from transmitter to receiver. This change in frequency makes the ESP vary at a single location, thus impacting the localization. To counter this problem, we have used linear least squares regression to determine the path loss exponents of each frequency in the localization algorithm. This process is referred to as “filtered average using multiple PLEs” in the article.

3.8 Outlier Detection

The overall impact of outliers in the LoRa localization is studied in this research article. We first applied the raw ESPs to the localization algorithm, removed the outliers using Tukey’s method, and determined the overall impact on the distance error. The procedure to detect the outliers can be seen in Algorithm 1. The inputs to Algorithm 1 are the total number of locations and the two-dimensional array of raw ESPs. We first sorted the array of ESPs in ascending order, and then the medians, the interquartile range, and the upper and the lower quartiles are calculated in line 5 to line 11. The output of Algorithm 1 is filtered ESPs.
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3.9 Localization Algorithm

A localization algorithm has been designed for localization using ESPs in MATLAB. The trilateration is implemented in the localization algorithm to predict the location of the end node. The overall impact of frequency hopping, the importance of path loss exponent calculation of every frequency, the number of gateways, and the removal of outliers have been studied.

It is important to calculate the bearing or heading angle to determine the predicted location of the end node in the point coordinate system. The bearing is the angle between the north-south meridian and the line connecting the target and the reference point [45]. Eq. (9) is implemented to calculate the bearing angle.

θ=tan−1(sin⁡(Δq)∗cosl2((cosl1∗sinl2)−(sinl1∗cosl2∗cos⁡(Δq)))(9)

The initial point, the distance, and the bearing angle are now known. The next step is to find the point coordinates (x) and (y) of the predicted location. It can be done using Eq. (10) and (11), respectively.

x=sin−1((sinl1∗cosδ)+(cosl1∗sinδ∗cosθ))(10)

y=q1+tan−1(sinθ∗sinδ∗cosl1cosδ−sinl1∗sinl2)(11)

where δ is the angular distance n/R, n is the distance, R is the earth radius, and replace l1=0, q1=0 to get the coordinates with respect to the reference gateway position (0, 0) on a point coordinate system.

4  Results and Analysis

This section provides an overview of the findings and a thorough analysis. In Subsection 4.1, the results are discussed, and the analysis is made in Subsection 4.2.

4.1 Results

A total of 200 ground-truth locations have been randomly selected. At each location, 21 ESP values are taken. This gives a total of 4200 measurements of ESPs per gateway. After averaging the ESPs at each location, we get 200 values of ESPs. This localization algorithm is designed to work for at least three gateways and a maximum of six gateways. The illustration of the localization algorithm for six gateways can be seen in Fig. 6.
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Figure 6: Illustration of localization algorithm using six gateways. The intersection of the circles represents the predicted location of the end node

The centers of the circles are the ground-truth location of the gateways. As seen in Fig. 6. the intersection of all the circles is the predicted location of the end node. The real location is the green marker. There is a distance error between the predicted and the real location. This error depends on many param, like reflection, refraction, scattering, shadowing effects, and interference. As the ESPs are highly susceptible to those param, we averaged the ESPs at each location to depict the true ESPs at every ground truth location. This averaging helps us to have consistency in our ESP readings.

The use of inappropriate ESPs referred to as outliers, impact the localization accuracy. The removal of outliers from the ESPs improves the localization accuracy. The box chart in Fig. 7. provides a visual representation of the data, the median, the upper and the lower quartiles, and the maximum and the minimum values that are not outliers. The outliers can be seen at varying distances. We have used the outlier’s detection and removal of outliers to remove the inappropriate ESPs. After removing outliers, the average of the appropriate ESPs is taken. We now have clean data that is free from outliers at every location. After removing outliers, we call this average of ESPs as filtered average ESP.

[image: images]

Figure 7: Determination of outliers at different locations

After filtering the data, Fig. 8. shows the cumulative distribution function (CDF) of localization errors. It can be observed that every frequency has different median errors that show the high variance in ESPs because of the frequency hopping. This frequency hopping is the feature of the LoRaWAN that highly impacts the localization performance. This change in average ESP (due to frequency hopping) values at the same location push the localization algorithm to predict different locations at different frequencies, which can be validated by seeing the CDF plot in Fig. 8. The proposed solution is to find the path loss exponents per frequency and use the model for each frequency used, thus circumventing this obstacle. It can be observed in Fig. 8. that the localization error gets close to the minimum if we use the proposed solution. This method achieves a mean error of 323.9 m, with 75% error less than 520 m using six gateways.

[image: images]

Figure 8: CDF plot of localization errors of individual frequencies along with the localization error of filtered average using multiple PLEs

We have also observed the results using the different number of gateways. We applied a minimum of three gateways and a maximum of six gateways. It is observed that the error using three gateways was the maximum and reduced to the minimum for six gateways. Fig. 9. shows us the CDF plot of localization errors using the different number of gateways. It can be seen in Fig. 9. that with three gateways, the error is the highest. The increase in the number of gateways to six decreases the error significantly. One important observation from Fig. 9. is that after four gateways, the improvement in localization accuracy is not that significant. Hence, using four gateways serve the purpose of equalizing the cost and localization accuracy.

[image: images]

Figure 9: Impact of gateway diversity on localization errors

In Table 2, the average localization error can be seen for four cases. Raw average defines the average error using raw ESPs of all the frequencies, including the outliers. The filtered average is the average error of all frequencies excluding the outliers, the filtered average at a single frequency is the average error with a frequency having minimum error without outliers, and the last case is the proposed solution.

[image: images]

Fig. 10. shows the actual and the predicted ground truth locations. The locations have been predicted using six gateways and the filtered average of the ESPs using the proposed solution. The green marker shows the actual ground truth location of the end nodes. The blue markers depict the predicted locations.

[image: images]

Figure 10: Actual locations of the end nodes vs. the predicted locations using six gateways and the filtered average ESP

4.2 Analysis

We have observed from the results that the frequency hopping impacts negatively similar to [25] as the trilateration algorithm cannot cope with the frequency hopping. The estimated distance between the actual location of the end node and the predicted location keeps changing due to the variation in ESP. The solution to this problem can be to use a single frequency. But In LoRaWAN, end devices and gateways interact continuously to allow the data transmission to “hop” to other frequency channels that are more suitable for the speed, duty cycle, system’s power, and range constraints [33]. Therefore, only using a single frequency would not do any good but deteriorates the LoRaWAN function more. The proposed solution was to find the path loss exponents per frequency and use the model for every frequency, thus circumventing this obstacle. This solution proved effective and was close to the minimum error by a single frequency.

One key observation derived from the results is that the increase in gateways decreases the localization error. But with the increase in the number of gateways, the cost increases. So, there should be a balance between the cost and the accuracy. Similar to the results in [25], we observed that the improvement in localization accuracy is not that significant after four gateways. Therefore, using only four gateways serve the purpose of equalizing the cost and the localization accuracy.

The trilateration algorithm for localization using the proposed solution estimated the location of the end node with an average error of 323.9 m. This localization algorithm used only the values of ESP. The results, therefore, show that the seldom use of trilateration or the multilateration does not fully help in getting good results. Thus, implementing a machine learning algorithm with other metrics like ESP and timestamps might further improve these critical issues.

5  Conclusion

In this research article, we have experimentally evaluated the LoRaWAN localization on campus using the trilateration technique. The experimental results showed that removing outliers and increasing gateways have reduced the average position prediction to 332.9 m. Additionally, we observed that the frequency hopping has negatively impacted the localization accuracy. The average error decreased by 6.81% if we used the filtered average of ESPs at a single frequency. Results obtained from the experiment exhibit the importance of calculating the path loss exponent for every frequency to circumvent the high localization error caused due to the frequency hopping, thus enhancing the localization performance by 2.7% compared to the filtered average. The results indicated that only trilateration or multilateration does not fully help in getting good results. This research work can be further extended by using timestamps and machine learning algorithms to study the impact on localization accuracy.
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Table 1: Channel param for different frequencies

Channel frequencies [MHz] Path loss exponent (3) Standard deviation (o)
9234 3.484 8.367
923.2 3.455 8.261
923 3.655 8.876
922.6 3.446 9.434
922.4 3.775 7.961

922.2 3.214 8.965
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Algorithm 1: Algorithm for Detection of Outliers

Input: k =number of locations, j = two dimensional array consisting of ESPs for k number of
locations,
Output: Array of Filtered ESPs (A).

1 [Initialize j=0
2 forl=1:k
3 js =sort(j[:,1]) //sort array of ESPs of the location in ascending order
4 n=length(js)
5 If n is odd numbered
6 compute the median (M) of the ESPs using:
ind — n+1
N 2
M =js[ind)]
7 Else If n is even numbered "
N, =js[ind1]
1
ind2 = nt
2
N, =js[ind2]
(N1 + N,
9 = 7
10 Calculate the upper quartile Q, and the lower quartile Q, of js array:
3
ind = [4_1 n+ 1)]
Q,=jslind]
1
ind = [4_1 n+ 1)]
0, =jslind]
11 Calculate the IQR (Interquartile range) using:
IQR=0,— O,
12 Calculate Q; — (1.5% IQR) and Q, + (1.5 % IQR)
13 Eradicate ESP values from js that do not lie in the range between Q, — (1.5 % IQR) and

0.+ (1.5% IOR).
A[l]=js // Filtered ESPs
14 End
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Table 2: Average localization error for raw average, filtered average of all frequencies, filtered average
at a single frequency, and filtered average using multiple PLEs

Localization error [m]

No. of Raw Filtered Filtered average at a single  Filtered average using
gateways average average frequency (923.2 MHz) multiple PLEs

3 598.3 509.9 501.2 506.4

4 565.8 386.7 378.1 379.1

5 554.1 354.6 350.3 352.8

6 549.3 332.9 310.2 323.9
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