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Abstract 

In this paper, optimizing CCIR  pathloss model  using terrain roughness parameter is 

presented. The study is based on field measurement of received signal strength and 

elevation profile data obtained in a suburban area of Uyo for   800 MHz GSM network. 

Particularly,  in this paper, the mean elevation and the standard deviation of elevation are 

used separately to minimize the error using least square method.  The results show that the 

untuned CCIR  model has a RMSE of  28.8 dB and prediction accuracy of 77.4 %. On the 

other hand, both the pathloss predicted by the mean elevation tuned CCIR  model and the 

pathloss predicted by the standard deviation of elevation tuned CCIR  model have  the 

same RME of 3.9 dB and prediction accuracy of 97.6 %. The terrain roughness correction 

factors are the same value (that is, ��� =	�Š =	 28.50882771). The RMSE of 3.9dB shows  

that the terrain roughness parameter-based  tuning  approach can effectively be used to 

minimize the prediction error of the CCIR  model within the acceptable value  which is 

about 7dB to 10 dB for suburban and rural areas. 
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1. Introduction 

Empirical pathloss models are usually used to predict the expected pathloss that 

wireless signals will experience in a given area [1-5].  Accordingly, appropriate 

pathloss model is usually used required during wireless network planning stage. In 

practice, pathloss prediction performance of different pathloss models is first evaluated 

and the model with the best prediction performance is selected and further optimized to 

improve on its pathloss prediction efficiency.  

In most cases, the least square error approach is used for the pathloss optimization 

[6-9]. From available literatures, there are different ways of implementing the least 

square error model optimization. One of the most popular approaches is the use of the 

root mean square error (RMSE). Particularly, in order to improve on the prediction 

performance of a pathloss model, the RMSE between the measured and model predicted 

pathloss is added or subtracted from the predicted pathloss [10-13]. The approach is 
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very simple but in some cases it fails to reduce the prediction error to a value that is 

within the acceptable range. Above all, if the RMSE for  a pathloss prediction  model 

is above 6 dB, then its prediction is considered unacceptable. In view of this limitation, 

other approaches to pathloss model tuning is required. 

In this paper, two terrain parameter-based tuning  approaches are presented, one based 

on the mean terrain elevation and the second based on the standard deviation  of the  

terrain.  The prediction performance of the two approaches are compared to that of the 

RMSE-based tuning approach. 

2. Theoretical Background  

2.1. CCIR Pathloss Model 

In order to account for varying degrees of urbanization, the CCIR (Comit´e 

Inter-national des Radio-Communication, now ITU-R) developed an empirical model 

for the pathloss  as follows [14-17]: 

��		
�() 	= � + � ∗ log��(�) − �													      (1) 

where A and B are defined in the Okumura-Hata model with �(ℎ�) being the medium 

or small city value. 

� = 69.55 + 26.16 ∗ log��(#) − 13.82 ∗ log��(ℎ&) 	− �(ℎ�)        (2) 

� = 44.9 − 	6.55 ∗ log��(ℎ&)															    (3) 

�(ℎ�) = (1.1 ∗ log��(#) − 0.7+ ∗ ℎ� 		− 		 (1.56 ∗ log��(#) − 0.8+					          (4) 

Eq 4 is for  small city, medium city, open area, rural area and suburban area. The 

parameter E accounts for the degree of urbanization and is given by 

E = 30 − 25log��(��)				          (5) 

Where PB  is the % of area covered by buildings  

where E = 0 when the area is covered by approximately 16% buildings. 

For Urban Area PB ≥ 16% and hence , E is set to 0 for urban area. 

For Sub-Urban Area PB < 16% (typical PB =8%) . 

For  Rural  Area PB < 16% (typical PB =3%) . 

Where  

• f is the centre frequency f  in MHz 

• d is the link distance in km 

• �(ℎ�) is an antenna height-gain correction factor  that depends upon the 

environment 

• 150 MHz≤ f≤ 1000MHz 

• 30m ≤ℎ& ≤ 200m 

• 1m≤ ℎ�≤ 10 m 

• 1 km ≤ d ≤ 20km 

2.2. The Terrain Roughness-Based Pathloss Model Tuning 

Approaches 

The terrain roughness is computed from the elevation data of the terrain. The variation 

in the terrain elevation profile indicates how rough or smooth the terrain is. In most 
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literatures, the standard deviation of the terrain elevation profile is used to denote the 

terrain roughness index. In this paper, two terrain parameters are used, namely, the mean 

elevation and the standard deviation of the elevation. Each of the two terrain parameters 

are used to optimize the pathloss prediction of CCIR model. Let the mean elevation be 

denoted as M�		and the mean elevation-based terrain roughness correction factor   be 

denoted as C.� 	where,  

C.� = K.� (M�)				          (6) 

K.� 	is the tuning coefficient for the mean elevation-based terrain roughness correction 

factor 

Let the standard deviation of elevation be denoted as Š		and the standard deviation of 

elevation-based terrain roughness correction factor be denoted as �Š		where,  

CŠ	 = KŠ	(Š	)				          (7) 

KŠ	 is the tuning coefficient for the standard deviation of elevation-based terrain 

roughness correction factor. 

2.3. Field Data Collection and Processing 

Samsung I9500 Galaxy S4 mobile phone was used to measure the Received Signal 

Strength (RSS) from the GSM network. Particularly, the Samsung I9500 Galaxy S4 has 

CellMapper and MyGPS Coordinates Android applications installed. The CellMapper 

enables the mobile phone to read and  display  advanced GSM/CDMA/UMTS/LTE 

current and neighboring cells’ low level data and can also record and export the data as 

CSV file. Among the data captured by CellMapper are the current and neighboring cells 

Received Signal Strength (RSS) in dB, the current cells CID, LAC. MyGPS 

Coordinates is an android application that gives the latitude and longitude of the current 

location of the mobile phone in both decimal format and sexagesimal 

(degrees/minutes/seconds) format. The RSS along with the longitude and latitude are 

reads at each measurement point. In addition, the GSM base station was located and its 

longitude and latitude are recorded. After the measurements, haversine formula was 

used along with the longitude and latitude of each of the measurement points and the 

longitude and latitude of the mast location to determine the distance between the mast 

and each of the measurement points [18,19]. The Received Signal Strength (RSS) is 

converted to the measured pathloss   (PLm) by using the link budget formula: 

���(01) = PBTS + GBTS + GMS – LFC – LAB – LCF – RSS(dBm)           (8) 

     where   

PL4(56)	is	the	measured	pathloss			for each measurement location at a distance d( km)     

RSS is the mean Received Signal Strength (RSS) in dBm =  the measured received 

signal strength. 

PBTS = Transmitter Power (dBm),  GBTS = Transmitter Antenna Gain (dBi), GMS = 

receiver antenna gain (dBi),  LFC = feeder cable and connector loss (dB), LAB = 

Antenna Body Loss (dB) and LCF = Combiner And Filter Loss (dB).  

The values of these parameters are given  as [13] as:  PBTS = 40 W = 46 dBm,  GBTS 

=  18.15 dBi,  GMS = 0 dBi,  LFC = 3 dB, LAB = 3 dB, LCF = 4.7 dB. Hence,  

���(01) = 53.5 (dBm) .– RSS(dBm)             (9) 

These statistical  performance measures or goodness of fit measures for the 

model are defined as follows: 
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i)  The Root Mean Square Error (RMSE)  is calculated as follows: 

MSE = 	 DE	�F G∑ I��(�JKLMNJ0)(O) − ��(PNJ0OQRJ0)(O)		ISO	T	FO	T	� UVW
   (10) 

ii)  Then, the Prediction Accuracy (PA, %) based on mean absolute percentage 

deviation (MAPD) or Mean Absolute Percentage Error (MAPE) is calculated as 

follows: 

XY = Z1 − �
F 		[∑ \I]^(_`abcd`e)(f)g]^(hd`efij`e)(f)		I

]^(_`abcd`e)(f)	
	\OTF	OT� kl * 100%  (11) 

3. Results and Discussions 

The field measured  distance, elevation, received signal strength (RSSI)  and pathloss 

(PLm) are given in Table 1. The measured  pathloss (PLm) is obtained by using the 

link budget equation: 

���(01)  = 53.5 (dBm) – RSS(dBm). The distance is obtained by applying  the 

longitude      and latitude of each of the measurement points in the Haversine 

equation with the longitude 1   and latitude 1 being that of the GSM base station while 

longitude 2   and latitude 2 is for the measurement point. 

 

Table 1 The Field Measured  Distance, Elevation, Received Signal Strength (RSS)  

and Field Measured Path Loss (PLm) 

S/N 
Distance 

(Km) 

Elevation 

(m) 

RSS 

(dBm)

Field 

Measured 

Path Loss 

(dBm) 

S/N 
Distance 

(Km) 

Elevation 

(m) 

RSS 

(dBm) 

Field 

Measured 

Path Loss 

(dBm) 

1 0.5556 53.2 -63 116.5 16 0.7085 43.9 -73 126.5 

2 0.5607 53.2 -65 118.5 17 0.7298 43.9 -73 126.5 

3 0.566 50.8 -67 120.5 18 0.7767 43.7 -75 128.5 

4 0.567 53.9 -63 116.5 19 0.8233 45 -81 134.5 

5 0.5731 54.7 -67 120.5 20 0.8446 46 -79 132.5 

6 0.5781 54.9 -67 120.5 21 0.8589 47.2 -75 128.5 

7 0.584 55.6 -67 120.5 22 0.8801 48.5 -75 128.5 

8 0.588 56.7 -65 118.5 23 0.9151 49.4 -77 130.5 

9 0.5948 48.8 -67 120.5 24 0.9582 51.5 -79 132.5 

10 0.6047 58 -71 124.5 25 1.0046 52.8 -79 132.5 

11 0.6185 58 -81 134.5 26 1.0516 49.1 -75 128.5 

12 0.6225 58 -71 124.5 27 1.0971 50.4 -75 128.5 

13 0.6347 57.8 -67 120.5         

14 0.6755 45.2 -79 132.5 
  

Mean 

Elevation 50.90741     

15 0.6969 44.3 -75 128.5 

Standard 

Deviation 

of 

Elevation 4.80308     
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Figure 1 The Elevation Profile of the Terrain 

Table 1 also shows   the mean elevation and the standard deviation of the elevation of 

the measurement points. The CCIR  model is  optimized using the mean elevation 

and then using the  standard deviation of the elevation of the measurement points.  

The value  of m.� 	and also the value of 	mŠ	 that minimizes the  sum of square error  

are determined using Microsoft Excel solver least square error  optimization tool. The 

results  obtained from the Microsoft Excel solver are m.� 		= 0.560013349 and 		mŠ	= 

5.935530824. Therefore, with mean elevation,  M� 	=50.90741,  m.� = 0.560013349, 

hence: 

�.� = m.� (M�) = 28.50882771   (12) 

Also, with standard deviation of elevation (Š) 	=	4.80308,  mŠ	= 5.935530824, hence: 

CŠ = KŠnŠo = 28.50882771  (13) 

Table 2 shows the field measure pathloss and the pathloss predicted by the untuned 

CCIR  model, the pathloss predicted by the mean elevation tuned CCIR  model and 

the pathloss predicted by the standard deviation of elevation tuned CCIR  model. Also, 

the table shows that the untuned CCIR  model has a RMSE of  28.8 dB and 

prediction accuracy of 77.4 %. On the other hand, both the pathloss predicted by the 

mean elevation tuned CCIR  model and the pathloss predicted by the standard 

deviation of elevation tuned CCIR  model have  the same RME of 3.9 dB and 

prediction accuracy of 97.6 %. The terrain roughness correction factors are the same 

value (that is, �.� =	�Š =	 28.50882771). The RMSE of 3.9dB shows  that the terrain 

roughness parameter-based  tuning  approach can effectively be used to minimize the 

prediction error of the CCIR  model within the acceptable value  which is about 7dB to 

10 dB for suburban and rural areas. 
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Table 2 The field measure pathloss and the pathloss predicted by the untuned and the 

tuned CCIR models 

S/N 

Field 

Measured 

Path Loss 

(dBm) 

Untuned 

CCIR  

Suburba

n  

�.�  

Tuned 

CCIR  

Sub 

urban  

�Š    

Tuned 

CCIR  

Sub 

urban  

S/N 

Field 

Measured 

Path Loss 

(dBm) 

Un 

tuned 

CCIR  

Sub 

urban  

�.�  

Tuned 

CCIR  

Sub 

urban  

�Š 
Tuned 

CCIR  

Sub 

urban  

1 116.5 93.6 122.1 122.1 16 126.5 97.2 125.7 125.7 

2 118.5 93.7 122.2 122.2 17 126.5 97.6 126.1 126.1 

3 120.5 93.8 122.3 122.3 18 128.5 98.6 127.1 127.1 

4 116.5 93.9 122.4 122.4 19 134.5 99.4 127.9 127.9 

5 120.5 94.0 122.5 122.5 20 132.5 99.8 128.3 128.3 

6 120.5 94.2 122.7 122.7 21 128.5 100.1 128.6 128.6 

7 120.5 94.3 122.8 122.8 22 128.5 100.4 128.9 128.9 

8 118.5 94.4 122.9 122.9 23 130.5 101.0 129.5 129.5 

9 120.5 94.6 123.1 123.1 24 132.5 101.7 130.2 130.2 

10 124.5 94.8 123.3 123.3 25 132.5 102.4 130.9 130.9 

11 134.5 95.2 123.7 123.7 26 128.5 103.1 131.6 131.6 

12 124.5 95.3 123.8 123.8 27 128.5 103.7 132.2 132.2 

13 120.5 95.5 124.1 124.1           

14 132.5 96.5 125.0 125.0   RMSE 28.8 3.9 3.9 

15 128.5 96.9 125.5 125.5   

Prediction 

Accuracy 

(%) 77.4 97.6 97.6 

 

 

Figure 2 The field measure pathloss and the pathloss predicted by the untuned and the 

tuned CCIR  models 
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4. Conclusion 

In this paper, a CCIR pathloss model tuning approach based on terrain roughness 

parameter  is presented. The study is based on empirical field measurement in a 

suburban area for a GSM network in the 800 MHz frequency band. The mean elevation 

and the standard deviation of elevation are used separately in this paper to minimize the 

error using least square method.  The results show that the two approach gave the same 

correction factor for CCIR  propagation model and hence, the same RMSE and 

prediction accuracy.  Also, both approach reduced the CCIR  model prediction error 

within the acceptable 7 dB for suburban and rural areas. 
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