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ABSTRACT 
Rainfall is a significant portion of hydrologic data. Rainfall records, however, are often incomplete due to several 
factors. In this study, the inverse distance weighting (IDW) method integrated with GIS is used to estimate the 
rainfall distribution in Duhok Governorate. A total of 25 rain fall stations and rainfall data between 2000 and 
2010 were used, where 6 rainfall stations were used for cross-validation. In addition, the relationship between 
interpolation accuracy and two critical parameters of IDW (Power α value, and a radius of influence) was eva-
luated. Also, the rainfall distribution of Duhok Governorate was classified. As an output of this study and in 
most cases, the optimal parameters for IDW in interpolating rainfall data must have a radius of influence up to 
(15 - 60 km). However, the optimal α values varied between 1 and 5. Based on the results of this study, we con-
cluded that the IDW is an appropriate method of spatial interpolation to predict the probable rainfall data in 
Duhok Governorate using α = 1 and search radius = 105 km for all the 25 rainfall stations. 
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1. Introduction 
This Rainfall is one of the important variables that define 
the climate of a region. Its spatial characterization is 
highly relevant. It is amongst the hydrological parame-
ters, and is the most difficult one to be measured due to 
its temporal and spatial variability and discontinuity. 
Although the data can be fully provided in a rain gauge 
networks, they are still considered as a point estimate. 
Thus, providing an estimate of the rainfalls patial distri-
bution within an area from rain gauge data frequently 
remains a problem of interpolation. 

Better methods could be used to provide better resolu-
tion without interpolation, such as radar measurements. 
This technique, however, is costly and not often available. 
Hence, several spatial interpolation methods have been 
used that are appropriate for a rapid estimation. For ex-
ample, local polynomial (LP), trend surface analysis 

(TSA), radial basic function (RBF), geographically 
weighted regression, Kriging method, and inverse dis-
tance weighting (IDW) [1-4]. 

Naoum and Tsanis [5] developed a Geographical In-
formation System (GIS) based spatial interpolation mod-
ule, which adopts a multiple linear regression (MLR) 
technique. For the assessment purpose, this method can 
be compared with other methods, such as splin_regula- 
rized, spline_tension, IDW, kriging, and second-order 
polynomial. Li et al. [6] used the annual precipitation, 
from 2114 meteorological stations in China, over a span 
of 30 years between 1961 and 1990. The data were com-
pared with its respective adjacent regions and analyzed 
through spline, ordinary kriging (OK), and IDW. Their 
results showed a good accuracy output with the IDW. 
This is also carried out by Chu et al. [7] and they re-
ported a similar trend. The field spatial rainfall data can 
be obtained by using IDW when the data over a catch-
ment are interpolated. The results of such a method were *Corresponding author. 
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significant as the stimulated data at individual sites pre-
served properties [8]. Moreover, Dirks et al. [9] used 
rainfall data from a network of 13 rain gauges on Norfolk 
Island to compare four spatial interpolation methods. Their 
study showed that the more computationally demanding 
method of Kriging provided no significant advantage 
over any of the much simpler IDW, Thiessen, or areal- 
mean methods. This further indicates that the IDW me-
thod is the good method for interpolations using spatial-
lydense networks. 

The aim of the study is to improve interpolation accu-
racy of the spatial rainfall distribution in the Duhok Go-
vernorate by using the IDW method. The important in-
fluential parameter of IDW is the distance. Therefore, the 
elevation of rainfall stations will not be taken into the 
consideration of this study. 

2. Materials and Methods 
2.1. Study Area 

The Duhok Governorate was chosen to detect this re-
search. It is approximately between latitudes 36˚18'12.64'' 
and 37˚20'33.55''N, and longitudes 42˚20'25.36'' and 
44˚17'40.50''E in the northwestern of Iraq, at 430 - 2500 
m above the sea level and it covers about 11,000 km2 
(Figure 1). The total number of the rainfall stations is 21 

and spatially distributed in the Duhok Governorate as 
shown in Figure 2, beside 4 stations around Duhok Go- 
 

 
Figure 1. (a) Map region of Iraq; (b) Location of Duhok 
Governorate. 

 

 
Figure 2. Location of 25 rainfall station in Duhok Governorate and its around. 
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vernorate. The rainfall stations are managed by the di-
rectorate of meteorology in Duhok, Erbil and Mosul ci-
ties. Historical observation of rainfall data was required 
to interpolate spatial rainfall using IDW. Hence, the an-
nual rainfall data of 10 years from 2000 to 2010 were 
adopted in this study. 

2.2. Inverse Distance Weighting (IDW) 
The IDW is one of the widest used as an interpolation 
method. It gets the value by calculating a weighted aver-
age of known values within a specific neighbourhood. It 
was defined as everything is related to everything else, 
but near things are more related than distant things. The 
IDW method involves the process of assigning values to 
unknown points by using values from a scattered set of 
known points. The value at the unknown point is a 
weighted sum of the values of N known points. There-
fore, IDW simply can be used to estimate the unknown 
spatial rainfall data from the known data of sites that are 
adjacent to the unknown site [2,10]. The IDW formulas 
could be defined as 
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where ˆ
pR  refers to the unknown rainfall data (mm); iR  

refers to the known rainfall data (mm), N  is the amount 
of rainfall stations, iw  is the weighting of each rainfall 
stations, id  is the distance from each rainfall stations to 
the unknown site, α  refers to the power, and is also a 
control parameter. Several researchers (e.g., [11,12]) 
have examined IDW with variations in a power, assess-
ing its effects on the spatial distribution of information 
from precipitation observations. In this study, the α  
value is conducted in the range of 1 to 5 with an incre-
mental interval value of 1. Cross-validation is used to 
validate critical parameters, which may affect the inter-
polation accuracy of rainfall data by IDW method. These 
parameters are α  value and search radius. They have 
been chosen to insure the overall utility of the IDW 
models and allows optimal data prediction that is com-
parable to the observed data. Furthermore, the cross- 
validation can be considered as a method for estimating 
the accuracy of an inducer. This is achieved by dividing 
the data into k  mutually exclusive subsets (fold) of 
approximately equal size. Such an inducer is trained and 
evaluated k  times of which at each time it is trained on 
the dataset minus a fold and evaluated on that fold. The 
accuracy estimate is the average accuracy for the k  
times [13]. Hence, for the cross-validation purpose, 6 
rainfall stations were adopted from the total of 25 rainfall 
stations (Figure 3). 

 

 
Figure 3. Distribution of 6 rainfall station for cross validation.    
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2.3. Accuracy Assessment 
The accuracy assessment of the IDW model is tested 
using Root Mean Square Error (RMSE). It measures 
frequently used on the differences between predicted (or 
estimated) values by a model and the actuallyobserved 
values from the thing being modeled or estimated. More- 
over, the correlation coefficient r  was also used for 
evaluating whether the estimated data fits observed data 
or not. The formulas of RMSE and r  that serve this 
study, are given as: 
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where ( )ˆ
iR t  refers to the spatial rainfall values inter-

polated using IDW in the unknown rainfall station i ; 
( )iR t  is the observed rainfall data in the unknown rain-

fall station i ; n  means numbers ( 6n =  in this study) 
of stations adopted, at year t . 

2.4. Implementation and Analysis 
To interpolate rainfall data by IDW models, a 25 rainfall 
stations were used, implementing cross-validation as an 
appropriate method to assess the accuracy of the spatial 
interpolated rainfall data. 25% of the total 25 rainfall 
stations were selected for a cross-validation process. 6 
rainfall stations were selected to cover all districts with 
maximum search radius to increase the evaluated groups 
in cross-validation steps. These rainfall stations were 
Amedi, Darkar, Duhok, Batel, Hosseinie and Akri. The 
required Rainfall data were continuously recorded in the 
period of 2000-2010 (11 years). Table 1 shows the dis-
tance among respective rainfall stations. It is used to 
calculate the weighting of the individual rainfall station 
to the objective rainfall station. The 11 search radii (15 - 
165 km) were selected and executed as shown in Table 2. 
This is achieved to determine the Optimal Search Radii 
(O.S.R.) in the IDW of the 6 rainfall stations. The bold 
numbers in Table 2 represent the optimal number of 
rainfall stations close the objective that were selected for 
rainfall interpolation. Figure 4 shows the schematic dia-
gram of different groups in Duhok rainfall station as an 
example. It is clear from Figure 4 that the different rain-
fall stations within different selected search radii can be 
used for interpolate rainfall data. For example; in Duhok 
station, 3 and 24 rainfall stations located within the se-
lected search radius of 15 and 120 km for rainfall data 
interpolation. We compared and analyzed the data that 
falls within 8 groups, by assessing the relationship 

Table 1. Distance (km) between 25 rainfall stations to the 6 
objective rainfall stations for calculating the individual 
weighting. 

Name Darkar Batel Amedi Akri Duhok Hosseinie 

Darkar - 28.98 60.12 107 40.24 90.62 

Batel 28.98 - 73.1 110 30.42 86.94 

Amedi 60.12 73.1 - 52.2 50.21 50.18 

Akri 107.36 110.62 52.25 - 80.74 31.2 

Duhok 40.24 30.42 50.21 80.7 - 56.57 

Hosseinie 90.62 86.94 50.18 31.2 56.57 - 

Zawita 42.69 40.54 38.12 70.1 12.36 48.67 

Sarsank 49.44 59.32 14.36 58.3 35.91 47.99 

Dinarta 112.8 117.9 55.38 9.77 88.52 40.9 

Mangesh 30.35 37.8 79.35 77.6 20.74 60.5 

Batufa 17.02 37.49 43.11 91.2 34.21 76.87 

Bamarni 40.7 55.01 19.48 68.6 36.8 58.72 

Deraluk 74.99 86.65 14.91 40.0 61.51 46.03 

Qasrok 88.95 87.33 45.09 26.7 56.92 6.34 

Kani 
Masi 54.68 73.45 15.75 66.5 56.17 65.83 

Simel 38.04 18.91 62.79 94.1 13.73 68.88 

Zakho 13.6 19.91 71.32 115 41.57 96.26 

Barda 
Rash 102.9 95.61 66.21 39.3 66.02 16.06 

Malta 38.97 25.57 55.35 86.1 5.6 61.42 

Chamanke 59.8 65.12 18.43 47.6 37.61 35.44 

Suaratoka 41.48 48.67 25.09 66 25.65 50.78 

Musol 98.23 79.35 88.08 81.1 58.41 50.84 

Erbil 154.3 146.8 110.6 63.5 117.5 64.19 

Mergasor 136 144.7 77.23 37.7 115.9 68.87 

Musol 
Dam 65.65 41.83 79.35 96.1 32.21 66.14 

 
between prediction accuracy with a search radius; the 
number of selected rainfall stations. Such procedure was 
used for further calculations in cross validation. For such 
a purpose, the RMSE was used to determine the optimal 
parameters, α  value and search radius of IDW. Finally, 
the results of rainfall data interpolation using IDW were 
all validated by using correlation coefficient r . This was 
achieved to express the applicability of IDW models. 

3. Results and Discussion 
Six rainfall stations (Table 2) were assumed as un- 
knowns and rainfall data estimated using IDW in a 
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Figure 4. Schematic diagram of rainfall station groups of 
different search radius-use Duhok rainfall station for ex-
ample. 
 
Table 2. Optimal numbers of rainfall stations evaluated by 
different search radii (15 - 165 km) of 6 objective rainfall 
stations. 

Group search  
radius 

Rainfall Stations 

Darkar Batel Amedi Akri Duhok Hosseinie 

Group 1 (15 km) 1 0 2 1 3 1 

Group 2 (30 km) 3 4 6 2 5 2 

Group 3 (45 km) 10 9 9 6 13 5 

Group 4 (60 km) 13 12 15 9 18 13 

Group 5 (75 km) 16 15 20 21 20 20 

Group 6 (90 km) 17 19 23 24 22 22 

Group 7 (105 km) 20 20 23  22 24 

Group 8 (120 km) 22 22 24  24  

Group 9 (135 km) 22 22     

Group 10 (150 km) 23 24     

Group 11 (165 km) 24      

Number of groups 11 10 8 6 8 7 

Optimal number of 
stations 1 4 15 24 3 2 

 
common parameter of 1 to 5α = . This is achieved to 
interpolate the unknown rainfall data. Every different 
group of each rainfall station was estimated individually 
using the observed data respectively to individual rainfall 
station’s search radius (d = 15 to 165 km), where the data 
expressed as an annual rainfall. Moreover, to determine 
the optimal parameters of IDW; α  value and O.S.R., 

and the minimum RMSE were calculated. Those results 
are shown in Table 3 in the form of annual rainfall. Si-
multaneously, the O.S.R. and α  value were recorded in 
the condition of the minimum RMSE. By performing a 
comparison between the annual O.S.R. and the α  val-
ues, we found two events. The first event regarding to the 
annual O.S.R., we found that 70% O.S.R. were within 15 
- 30 km, there were two anomaly (60, 90 km) which oc-
curred in Amedi and Akri rainfall stations. They deemed 
the use of several rainfall stations unnecessary for data 
interpolation under most conditions. On the other hand, 
the results revealed that the interpolation accuracy of 
rainfall was greater with increasing rainfall stations and 
to an optimal up limit. 

The second event was that the optimal α  value va-
ried from 1 to 5. There was 70% probability concurring 
and that the optimal α  was equal to 1 and 30% above 
that. The result in this study has identical views with several 
studies as in [7,12]. Wang et al. [14] also reported a case in 
China. They showed the prediction accuracy of annual 
rainfall had the highest significance when the α  value 
was considered in the range of three to five. Figure 5 
displays a series of 6 subdiagrams on the RMSE variation 
at different search radii (15 - 165 km) and α  value 
 
Table 3. Optimal parameters of IDW for interpolation of 
spatial rainfall data. 

Rainfall station Item Annual 

Darkar 

RSME 24.49 

α  1 

O.S.R 15 

Batel 

RSME 1.823 

α  5 

O.S.R 30 

Amedi 

RSME 6.409 

α  1 

O.S.R 60 

Akre 

RSME 106.449 

α  1 

O.S.R 120 

Duhok 

RSME 0.025 

α  1 

O.S.R 15 

Hosseinie 

RSME 2.657 

α  3 

O.S.R 30 
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Figure 5. RMSE variation of different search radii (15 - 165 km) and α value (1 - 5) of 6 rainfall stations. 

 
from 1 to 5 with an increment interval of 1. The result 
was a large RMSE variation of different groups (search 
radius) occurred when α  approach one, the RMSE 
variation also reduced with the increase in α . This 
showed that the minimum variation occurred at the larg-
est α  value, regardless of the number of rainfall sta-
tions used for interpolation. However, the minimum var-
iation of RMSE stays uncertain on based of the optimal 
α  and search radius. Hence, the optimal α  and 
search radius need to be further measured. 

The relationship between the interpolated rainfall val-
ues and the actual observed data for all the 21 rainfall 
stations (inside Duhok Governorate) was also evaluated. 
Table 4 showed an estimated rainfall of 21 rainfall sta-
tions using IDW. The correlation coefficient r  was 
utilized as an indicator to evaluate the fittingness of IDW 
for estimating data. We found that the r  was greater 
than 0.74 in 21 rainfall stations in case using 1α =  and 
search radius = 105 km. It was evident that, rainfall in-
terpolations using IDW showed significant similarities 
with the observed data using optimal independent annual 
values. Therefore, we could deduce that IDW is a suita-
ble method for rainfall interpolation under the conditions 
that optimal α  and search radius must be measured. 
Finally, Duhok Governorate was reclassified into 10 
rainfall classes except some areas near Turkey and Syria 
borders due to the lack of data (Figure 6). 

4. Conclusion 
In this study, two major findings are drawn by using 
IDWfor interpolating spatial rainfall. First, the predicted 

Table 4. Estimated rainfall of the 21 rainfall station Using 
IDW (α  = 1 & O.S.R = 105 km) 

Name X-cordinate 
(utm) 

Y-cordinate 
(utm) 

Actual  
rainfall 
(mm) 

Estimated  
rainfall by IDW 

(mm) 

Zawita 333402.55 4085823.66 743.70 628.01 

Sarsank 352514.57 4100287.12 850.20 680.77 

Dinarta 409770.89 4072952.38 919.60 695.27 

Mangesh 330727.64 4100521.65 651.00 646.27 

Batufa 323559.93 4116009.33 727.00 623.19 

Darkar 306855.05 4119255.65 522.60 614.29 

Bamarni 346296.85 4109220.07 787.10 682.17 

Batel 293588.82 4093487.92 483.90 579.77 

Deraluk 379826.02 4101975.51 802.30 681.24 

Qasrok 375132.10 4062240.56 537.50 624.08 

KaniMasi 361483.93 4121504.60 739.20 735.67 

Simel 307984.61 4081230.04 443.80 575.93 

Zakho 294590.16 4113373.24 547.10 591.86 

Amedi 365557.35 4106293.12 735.40 700.11 

Akri 401265.54 4068142.58 610.10 728.19 

Barda Rash 373190.03 4040529.47 427.10 626.52 

Duhok 321698.63 4081853.00 531.30 585.19 

Hosseinie 372297.00 4056566.00 527.40 612.90 

Malta 316117.00 4081400.00 473.00 577.84 

Chamanke 358575.00 4089240.00 739.20 675.90 

Suaratoka 342105.00 4097392.00 728.90 677.18 
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Figure 6. Rainfall classification of Duhok Governorate into classes using IDW method. 

 
accuracy of rainfall interpolated can be improved through 
the α  value adjustment. Second, the number of known 
rainfall station is also another influential parameter; most 
cases show that the prediction accuracy increases with 
the increasing numbers of known rainfall station. Finally, 
we conclude that through analyzing the optimization 
steps of α  value and radius of influence, the IDW is 
deemed as a suitable spatial interpolation method of rain- 
fall. 
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