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Abstract

In this paper, an innovative composite function of prediction residual-based approach
for tuning Okumura-Hata propagation model in the 800-900MHz GSM frequency band is
presented. The study is based on empirical measurements conducted at University Of Uyo
(UNIUYO) town-campus located at latitude and longitude of 5.042976, 7.919046
respectively. The proposed path loss tuning approach is compared with RMSE based tuning
approach. According to the results, the composite function of prediction residual tuned
Okumura-Hata model has the lowest RMSE value of 2.164, the highest Coefficient Of
Determination (R?) value of 0.967 and the highest prediction accuracy of 98.64%. On
the other hand , the RMSE- tuned Okumura-Hata model has a higher RMSE value of 5.3,
lower R? value of 0.814 and the lower prediction accuracy of 96.87%. Essentially, in all
the three performance measures used , the composite function of prediction residual based
tuning approach performed better than the RMSE based tuning approach. However, in
pathloss tuning studies, RMSE value below 7dB is acceptable for the urban area. As such,
the RMSE based tuning approach gave tuned model with acceptable RMSE value but with
lower prediction accuracy than the model produced by the composite function of prediction
residual based tuning approach.

Keywords. Pathloss, Residual, Pathloss Model, Okumura-Ntdel, Model Tuning,
RMSE Based Tuning, Composite Function, Compositecton of
Residual

1 Introduction
Path loss models are generally classified intoetluaegories: empirical, deterministic
and stochastic [1,2]. Empirical models are thosetdan observations and measurements
alone. The deterministic models determine the vecesignal strength at a particular
location by using the laws governing electromagnefive propagation [1,3]. Stochastic
models, on the other hand, model the environmeatsesies of random variables [1,3].
Among these three categories of models, empiricaleis are the most popularly used
because of their simplicity.

Undeniably propagation environments are too compéexnodel accurately. In
practice, empirical models are mostly develope@tasm empirical measurements taken
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over a given distance, specific frequency rangepanticular topology. Consequently, the
empirical models give high prediction errors whdreyt are applied in another
environment other than the one for which they Hasxen designed [4,5]. Consequently,
empirically measured data is usually used to iigated and tune the empirical models
in respect of any desired environment the modélbgilused. The tuning process seeks to
improve the prediction accuracy of the model wilgards to the measured data. One
popular way of tuning path loss model is by addaingpnstant value, usually, the Root
Mean Square Error (RMSE) to the model so as tamme the prediction error [6,
7,8,9]. Another way is to minimize the model's potidn error by modifying the
coefficient of one or more parameters in the m¢b@[11,12,13,14]. Among the different
model tuning approaches, the use of RMSE is the pwsular because it is simple and
easy to employ. In this paper, model tuning apgnrdhat uses composite function of the
prediction model residual is proposed. Instead dufireg the RMSE to the empirical
model, the prediction error is minimized by addingomposite function of the empirical
model prediction residual. The tuning approach esdnstrated by using empirical
measure conducted for GSM network at 900MHz witind around University of Uyo
(UNIUYO) town campus located in Uyo, Akwa Ibom stat latitude and longitude of
5.042976, 7.919046 respectively.

The study is carried out with Hata-Okumura modelicwhis one of the most
commonly used empirical path loss models [15,16le Prediction efficiency of the
composite function-based tuning approach is contpaoethat of the RMSE-based
tuning approach. Specifically, statistical erroralgsis parameter such as RMSE,
coefficient of determination, otherwise call® and Prediction Accuracy (PA) are
used in the comparative error analysis.

2 Review Of Okumura-Hata Propagation M odel

The Okumura-Hata Model, as known as Hata mode§ widely used propagation
model for predicting path loss in urban, suburbaa @pen areas. This model takes into
account the effects of diffraction, reflection aswhttering caused by city structures [16].
The Okumura-Hata model uses four parameters famashg the path loss, namely,
carrier frequency, distance, base station anteheght and mobile antenna height. The
model is based on Okumura's measurements in Tokyich were fitted into a
mathematical model by Hata. The following equatiaresused for the computation of
the path loss (in dB) according to the Okumura-Hhatalel [17]:

LPok nararbany = A+ B *logo(d) for Urban Area (1)
LPok nara(suburban)y = A + B xlogio(d) — C for Suburban Area (2)
LPok naraopenjruraty = A+ B xlogo(d) — D for Open Areal/Rural
3)
A = 69.55 + 26.16 * log;o(f) — 13.82 x log,o(hp) — a(hy,) 4)
B = 44.9 — 6.55 xlog,o(hy) (5)
2
C=54+ 2% [log10 (zf_s)] (6)
D = 40.94 + 4.78 * [log1o(f) 1> — 18.33 * log,(f) (7)
a(hy) = [1.1*logyo(f) — 0.7] * hy, — [1.56 * logy(f) — 0.8] 8
Eq (8) is for small city, medium city, open area,rural area and sububan area
a(h,,) = 8.28 * [log,0(1.54 * h,,,) |> — 1.1 for large city f < 200MHz (9)

a(h,,) = 3.2 = [log,0(11.75 = h,,) ]> — 4.97 for large city f> 400MHz (10)
Where
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» fisthe centre frequency f in MHz: 150 M& & 1000MHz

* dis the link distance in km: 1 kend < 20kmh,, is the base station antenna
height(in metres) : 30mh;, <200m

* h,, isthe mobile antenna height (in meters) <lhy,<10 m

* a(h,,) is an antenna height-gain correction factor tlegtends upon the
environment

e Cand D are used to correct the small city fornfioita suburban and open areas.

3 Methodology
Handheld Samsung 19500 Galaxy S4 was used to telsumement of Received Signal
Strength along from GSM network. The RSS measur&rae taken along a route that
started inside UNIUYO town campus and ended arddrah road and Nwaniba road
junction in Uyo metropolis (Figure 1). The Samsu®500 Galaxy S4 has CellMapper
and My GPS Coordinates Android applications insthllCellMapper is an Android
application that displays advanced GSM/CDMA/UMTSA Eurrent and neighboring
cells’ low level data and can also record and exffe@ data as CSV file. Among the
data captured by CellMapper are the current amghbering cells Received Signal
Strength (RSS) in dB, the current cells CID, LACy BPS Coordinates is an android
application that gives the latitude and longitudeh® current location of the mobile
phone in both decimal format and sexagesimal (ésgmanutes/seconds) format. The
RSS along with the longitude and latitude are resideach measurement point. In
addition, the GSM base station was located andritgitude and latitude are recorded.
After the measurements, haversine formula was akedy with the longitude and
latitude of each of the measurement points andahgitude and latitude of the mast
location to determine the distance between the araseach of the measurement points
[18,19].

o S
Map  Satelit= &2 3
%
5. o
MAST LATITUDE: 5.045034
MAST LONGITUDE: 7.922828
MAST LOCATIOMN: UNIUYD TOWN CAMPUS

U ERO

£l w Uyo Club House

‘Go gleﬁs@_\ Z LY %

Figure 1. The Map Plot of the Measurement Points and Routeituthe Study

The haversine formula is given as follows:
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Z 2 - 5
d=2 xXr {z\/[sin (LATZZi) + cos(LAT;) X cos(LAT,) X sin (—LONGZZLONcl) ]}

(11)
LAT in Radians =  (ATMRDegrees X314 (12)
LONG in Radians = (LONG in Degrees x 3.142) (13)

180
Where: r =radius of the Earth = 6371 km

LAT, and LAT, are the latitude of the coordinates of pointl paitht 2 respectively
LONG; and LONG, are the longitude of the coordinates of pointd goint 2
respectively

d = the distance between the two point specifiedney coordinated. AT; , LONG;
and LAT, ,LONG,.

3.1 Calculation of the M easured Pathloss from the
Measured RSS

Each of the RSS value recorded at each of the mezasat point is converted to
Measured Path Los®L,4g)) Using the formula [6,20,21]:
PLyyapy = EIRR(dBm) — R(dBm) (14)
where
PL.,ap) is the measured path loss for each measurement location at a distance
d (km) from the base station.
EIRP, is the Effective Isotropic Radiated Power in dBna
P: is the mean Received Signal Strength (RSS) in dBnch is the measured
received signal strength.
The effective isotropic radiated power EIRIBmM) is given as:
EIRRP= Rsrs + Gars + Gus — Lrc — Lag — Lcr (15)
where
Psts = Transmitter Power (dBm),
GgTs = Transmitter Antenna Gain (dBi),
Gws = receiver antenna gain (dBi),
Lrc = feeder cable and connector loss (dB),
Las = Antenna Body Loss (dB) and
Lcr = Combiner And Filter Loss (dB).
The values of these parameters are given as f8p2,
Psts =40 W =[30 + 10Log, 40] = 46 dBm,
Gers=16 dBd = [16 + 2.15] = 18.15 dBi,
Gwms = 0 dBi, l.c =3 dB, las =3dB, Llg=4.7 dB.
Substituting these values into equation (5) gives
EIRR. =46 + 18.15-3-3-4.7 =53.5 dBm.
The measured path loss values in dB are obtaine@iable 1 by substituting the
calculated value of EIRRIBm) and the measured values ofdBm) into equation 4 for
each of the measurement points recorded in Table 1.

3.2 Performance Analysis of the M od€l

In order to evaluate the effectiveness of the Okaniiata model, Root Mean Square
Error (RMSE) , coefficient of determination, othése calledR? and Prediction
Accuracy (PA) are calculated based on the Okurhlata model predicted path loss
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and the measured path loss.
Let PLaneasureayiy € the measured path loss (dB);
Let PLpreaicteayiy D€ the predicted path loss (dB);
Let PLoneasureay D€ the mean of measured path loss and let n e number of

measured data points. Then, the Root Mean Squace BRMSE) is calculated as
follows:

RMSE = 2\/{%[ L= PLmeasured) iy — PL(predicted)d) |2]} (16)

Then, the prediction accuracy based on Mean Absdhgrcentage Error (MAPE) is
calculated as follows:

- 1 (i=
Prediction Accuracy = {1 - ( T

|PL(measured)(i)_PL(predicted)(i) | )} * 100%
PL(measured)(i)
(17)
The Coefficient Of Determination, otherwise callgd is given as:

2
SSE PL n — PL i i
Rz — 1 _ — 1 _ ( (measured)(i) (predlcted)(L)) (18)

2
(PL(measured)(i) - PL(measured))

3.3 Model Optimization
In most literatures examined, path loss model wns performed by adding or
subtracting to the original model the RMSE betw#en measured and the predicted
path loss [6, 7,8,9]. In some other cases, the htadang is done by adjustment of the
coefficients of one or more parameters contaimethe model [10,11,12,13,14]. In
each case, the aim is to reduce the predictiomr erreesidual. In this paper, a different
model tuning approach is presented. The proposeittg approach is based on the
functional composition or composite function oé tinodel prediction residual.
Functional composition or function of function fsetapplication of one function to
the results of another function [24,25]. Functioc@inposition has been applied in filter
sharpening [25] and in signal processing [24].sdme literature functional composition
Is also known as composition of functions or cosife function which refers to the
combination of functions in such a way that thepatifrom one function becomes the
input for the next function. In path loss modelds&s, the predicted path loss as a function
of distance can be stated B%p,cqictea@) = PLpreaictea(d); the measured path loss
as a function of distance can be statedPag,cosurea@)y = Plmeasurea (d); and the
path loss prediction residual as a function ofatise can be stated &) = Re(d).
Then, composite functions of prediction residuale@spect of the predicted path loss can
be expressed as:

(Re o PLPredicted(d)) = Re (PLPredicted (d)) (19)
With the composite functions of prediction residudé (PLp,cg4icteq(d)) the error due
to the model’s inadequacies concerning the pagraerhvironment being studied can be
minimized by adding the Re (PLp,cgicteqa(d)) to the predicted path loss,

PLPredicted (d)

3.4 Model Tuning as Functional Composition Process

Every path loss prediction model has error assediatith it when its predictions are
compared with the actual measured path loss. Téaigtion error or residual consists of
both random and predictable components. Model tuairoptimization process seeks to
adjust the model so that the tuned model can dspreadict the predictable components
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of the error thereby reducing the error to only thedom component. For instance,
consider a pathloss study that uses a model anilieatly measured data, whereb(d)
is the model predicted pathloss at distance d ftbm transmitter, Y(d) is the
empirically measured pathloss at distance d froentthnsmitter and e(d) is prediction
residual at distance d from the transmitter. Hence,
Y(d) = ¥(d) + e (d) (20)

e (d) = Y(d) - Y(d) (21)
The prediction residual consists of both predigadotd random error components. The
predictable component of the residual at distan¢emh the transmitter is denoted as
E(d) whereas the random component is denotéd. &he random componer#)(is not
a function of d so it is modeled as a lump sumliofh@ random errors associated with
the measurement. Hence,

e (d) = E(d) € (22)
Y(d) = Y(d) + E(d) +€ (13)

Hence the tuned model denoted &&T(d) is given by:
YT(d) = Y(d) + E(d) (24)

The predictable component of the residual can bdigted with respect to the distance
alone or with respect to any particular parameteclf as antenna height, frequency, etc.)
or combination of parameters in the path loss mod&he drawback of predicting the
predictable component of the residual with respeclistance alone or using a subset of
the whole parameters in the path loss model is sbhah approach will ignore the
contributions of the omitted model parameters taolwathe prediction residual.
Therefore, E(d) is modeled as a function of theljgted path loss, where:

E(d) = HY(d) (25)
Y(d) = Y(d) + RY(d) +€ (26)
YT(d) = Y(d) +HY(d)) (27)

In most literatures examined, path loss model wn:performed by adding or
subtracting the RMSE to the original model [6, 9]}8]n this case, E(d) which is the
predictable component of the residual is approx@hdty a constant, namely, the RMSE
between the measured and the predicted path lesseH

E(d)= RMSE (28)
Y(d) = Y(d) + RMSE +¢ (29)
YT(d) = Y(d) + RMSE. (30)

4 Resultsand Discussion
The measurement point locations, distance, RSS,suned path loss and
Okumura-Hata model predicted Pathloss are givdlie 1.

The un-tuned Okumura-Hata in Table 1 has RMSE o099 %ith R? value of
-0.68 and Prediction Accuracy of 89.0%. Howeveg, lerformance of model is deemed
acceptable if it provides an overall RMSE of abéut dB for urban areas and 10 tol15
dB for suburban and rural areas [26,27]. In thisewthe Okumura-Hata requires tuning
to minimize the error.

In this paper, the Okumura-Hata model tuning isedontwo ways, one, by adding
the RMSE to the original Okumura-Hata model pa#isIprediction and two by adding
the composite function of the Okumura-Hata modeddtion residual to the
original Okumura-Hata model path loss prediction.

98



Table 1. The measurement point locations, distance, RS8suned path loss and

Okumura-Hata model predicted Pathloss

Okumura-Hata
SN | Longitude | Latitude | d (km) (EBS% ngrﬁ%ssg(%ds) Predicted

Pathloss (dB)
1 7.923032| 5.0437140.148692] -69 122.5 94.9086
2 7.924781| 5.04317p0.299812] -55 108.5 105.3305
3 7.925575| 5.04198 0.456581 -71 124.5 111.6462
4 7.925106| 5.04016p0.598065 -77 130.5 115.6879
5 7.924655| 5.03848]/0.756541] -80 133.5 119.177
6 7.924054| 5.03694B0.910456] -82 135.5 121.8901
7 7.924955| 5.03579¢41.055424 -84 137.5 124.1607
8 7.92723 | 5.03523B1.194907] -85 138.5 126.1529
9 7.929118( 5.03436p1.377801 -87 140.5 127.9865
10 | 7.929958( 5.03349 1.50941 -90 143.5 129.465¢
11 7.93116 | 5.0326131.663195 -92 145.5 130.9522
12 7.932404| 5.0318651.810383 -97 150.5 132.2474
13 7.93352 5.031 1.961469 -99 152.5 133.4257
14 7.934185| 5.0297542.116707| -102 155.5 134.5304

The composite function of the Okumura-Hata modetdpmtion residual is
generated by fitting a trend line equation on thaph of the prediction residual
versus the Okumura-Hata model path loss predictidine residue, e (d) as given in
Eq. (11) is the difference between the measureklgss, Y(d) and the predicted path
loss, Y(d) at each of the measurement point, d. Xuru'smieronlinear regression tool
(http://www.xuru.org/rt/NLR.asp#CopyPaste) is usedit nonlinear equation , E(d) to
the graph of e(d) versu¥(d) as shown in Table 3 and Figure 2 where E(d)vien as:

(0.1457466236(7(d)) )-(0.641993705( ¥(d)) )
¥(d)—99.3737369

Table 2 shows the results of tuning of the Okuntdiaga model by addition of the
RMSE to the original model and by addition of Ed)ich is the composite function of
the Okumura-Hata model prediction residual . Fromable 3, the composite function
of prediction residual tuned Okumura-Hata modelthadowest RMSE value of 2.164,
the highest Coefficient Of DeterminatiorR{) value of 0.967 and the highest
prediction accuracy of 98.64%. On the other hahd, RMSE- tuned Okumura-Hata
model has a higher RMSE value of 5.3, low#r value of 0.814 and the lower
prediction accuracy of 96.87%.

Essentially, the composite function of predicti@sidual based tuning approach
performed better than the RMSE based tuning approadowever, in pathloss tuning
studies, RMSE value below 7dB is acceptable ferutiban area.

As such, the RMSE based tuning approach gave tumadel with acceptable
RMSE value but with lower prediction accuracy thidéw@ model produced by the
composite function of prediction residual basedrtgmpproach.

E(d) =

(31)
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Table 3. Prediction Residual (e(d)), Composite Function ©¢ Dkumura-Hata
Model Prediction Residual (E(d)) Versus OkumurdaHaPredicted PathlossY,(d)

Okumura-Hata Prediction Composite Function Of The
Predicted Pathloss, | Residual , &(d) in Okumura-Hata Model
Y(d) in dB dB Prediction Residual, E(d) in dB
94.9086 27.5914 27.4784883
105.3305 3.1695 3.99950712
111.6462 12.8538 10.4316515
115.6879 14.8121 12.3085794
119.177 14.323 13.506096
121.8901 13.6099 14.2897012
124.1607 13.3393 14.8801838
126.1529 12.3471 15.3620165
127.9865 12.5135 15.7819263
129.4658 14.0342 16.1071384
130.9522 14.5478 16.4235681
132.2474 18.2526 16.6919367
133.4257 19.0743 16.9308234
134.5304 20.9696 17.1507
03 120 —o—c(d)  ——E(d)
2 c 100
SE=
&S
ssg 0
Uesw
—_ D D
© X T
3 % o 60
gco
x5
5§03 40
85T
BB
& L% 20
0
90 100 110 120 130 140

Okumura-Hata Predicted Pathloss, Y(d) in dB

Figure 2. Graph of prediction residual (e(d)), composite fiorcof the Okumura-Hata
model prediction residual (E(d)) versus OkumurdaHapredicted pathlossY,(d)
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Table 3. The results of tuning of the Okumura-Hata modelabgition of the RMSE
and by addition of E(d) which is the composite tumt of the Okumura-Hata
model prediction residual.

Un-tuned Composite Function
Measured | Okumura-Hata RMSE Tuned of Prediction
d (km) Pathloss Predicted Okumura—Hata Residual Tuned
(dB) Pathloss, ¥(d) Predlct_ed Ok_umura—Hata
. Pathloss, in dB | Predicted Pathloss,
indB indB
0.148692 122.5 94.9086 110.8965653 122.3870883
0.299812 108.5 105.3305 121.3184653 109.3300071
0.456531 124.5 111.6462 127.6341653 122.0778515
0.598065 130.5 115.6879 131.6758653 127.9964794
0.756541 133.5 119.177 135.1649653 132.683096
0.910456 135.5 121.8901 137.8780653 136.1798012
1.055424 137.5 124.1607 140.1486653 139.0408838
1.194907 138.5 126.1529 142.1408653 141.5149165
1.377801 140.5 127.9865 143.9744653 143.7684263
1.50901 143.5 129.4658 145.4537653 145.5729384
1.663195 145.5 130.9522 146.9401653 147.3757681
1.810383 150.5 132.2474 148.2353653 148.9393367
1.961469 152.5 133.4257 149.4136653 150.3565234
2.116707 155.5 134.5304 150.5183653 151.6811
RM SE 15.98796526 5.32038487 2.163692849
Codfficient of | .0.680549661 | 0.813897992 0.969220881
Determination (R“)
Prediction Accuracy (%) 89.04896912 96.87009956 98.6363852

160

150

140

130

120

Pathloss (dB)

110

—&— UNTUNED

—¥— MEASURED PATHLOSS (dB)

100

—&— TUNED_RMSE

90
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Figure 2. Tuned and Untuned Pathloss Versus Distance
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From Eq. 1, the un-tuned Okumura-Hata path losdainfor urban area is given as
LPok naraurbany = A + B *log;o(d). The RMSE based tuning approach has RMSE
value of 15.98796526. Then, by equation (25), tleeliptable error component is given
as:

E(d) = RMSE =15.98796526 (32)
By equation (27), the RMSE based tuned Okumura-Hp#dh loss model for urban area
is given as:

LPok_HaTA_RMSE_TUNED(urban) = A+ B *logyo(d) + 15.98796526 (33)
Similarly, the composite function of prediction idksal based tuning approach gave the
predictable error component by equation (31) as

4 = (0.1457466236( ¥(d)))—(0.641993705( ¥(d)))
E(d) = ¥(d)-99.3737369

function of prediction residual tuned Okumura-Hapath loss model for urban area is
given as:

. Hence, by equation (24), the composite

LPok nara_ck_TUNED (urban) =
(0.1457466236( 7(d)) )-(0.641993705( ¥(d))) (34)

¥(d)—99.3737369

A+ B xlogo(d) +

5 Conclusion

Composite function of prediction residual basechdass model tuning approach has
been presented and compared with RMSE based tumppgoach. The study is
conducted for Okumura-Hata path loss model for tB8M network in the
800-900MHz frequency band. The study is based opirecal measurements
conducted at University Of Uyo (UNIUYO) town-camplscated at latitude and
longitude of 5.042976, 7.919046 respectively. Rdbdan Square Error (RMSE),
coefficient of determination, otherwise call®& and Prediction Accuracy (PA) are
used in the comparative error analysis. In allttivee performance measures used , the
composite function of prediction residual basedrngrapproach performed better than
the RMSE based tuning approach.
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