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ABSTRACT

Soil erosion by water is a major land degradation problem because it threatens the farmer’s
livelihood and ecosystem's integrity. Rainfall erosivity is one of the major controlling factors
inducing this process. One obstacle of estimating the R-factor is the lack of detailed rainfall
intensity data worldwide. To overcome the problem of data scarceness for individual analysis of
storm events for developing the country with a non-uniform pluvial regime like the upper part
of Iraqg, multivariate models were derived for estimating annual rainfall erosivity. They were
based on annual rainfall data and geographical coordinates of a group of meteorological
stations distributed over the study area. A host of statistical indices were selected to evaluate
adequately the model's performance. Further, the models were cross-validated using k-fold
procedure and unseen data. Subsequently, four linear models were proposed for estimating the
annual erosivity for the study area. Good correspondence was found between the measured and
predicted values. Among the proposed models, the model with the combination of annual
rainfall, latitude and longitude outperformed the remaining proposed ones. After calculating
the annual, the ArcMap software ver. 10.2 was applied to map the spatial variability of the R-
factor over the study region.

Keywords: rainfall erosivity index, multivariate models, model calibration and validation,
Spatial variability.
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INTRODUCTION

Natural resources degradation is a challenging
problem worldwide and particularly in Iraqg
(15). Soil erosion by water can be considered
as a major global land degradation problem
(39) because it has a profound effect on many
issues like the sustainability of natural
resources, water quality, reservoir
sedimentation and global food production (31).
Understanding the driving forces on
controlling erosion is a prerequisite to
addressing this problem strategically (5).
Rainfall erosivity is one of the major
controlling factors inducing water erosion,
which defined as the product of the total storm
kinetic energy and maximum 30-minute
rainfall intensity (28). Renard et al. (27) have
shown that among the USLE factors, rainfall
erosivity is the one most exactly computed
from input data: rainfall amounts and
intensities. As many parts of the world still do
not have detailed rainfall intensity data
available, many types of study have been
carried out to estimate the R-factor based on
available rainfall data (10). The obstacle of
estimating the R-factors for areas without
sufficient data has existed since the
introduction of USLE (26). Using multivariate
models in data-poor regions of the world have
become a new challenge for erosion models
users. This implies that multivariate models
enable users to predict values of climatic
variables for a specific place with reasonable
accuracy (22). A host of equations have been
published for estimating the R-factor from
rainfall data and other variables. One caveat
stems from the fact that data of these equations
had a large percentage of other countries
records. The resulting accuracy of this factor
might be better for their locations (24).
Angulo-Martinez et al. (2) fitted a multiple
regression model to predict the R-factor based
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on geographical coordination and solar
radiation. Meusburger et al. (23) evaluated for
predicting the R-factor for Switzerland and
noticed that latitude and longitude were not
significant and consequently, they were
excluded from the model. The majority of the
study area is a mountain land where the
country of Irag, Turkey, and Iran join. High,
rugged ridges of the great Taurus-Zagros
mountain arc, 3,000-4,000 m amsl, extend
eastward from the Mediterranean and thence
southeastward to the Arabic Gulf, separating
the  Mesopotamian lowland from the
Anatolian-Iranian Plateaus. Precipitation in
this region is controlled principally by the

general altitude of the land area (38).
However, despite the abundance of
comprehensive studies conducted across

different regions of the world, limited research
has been conducted to evaluate temporal and
spatial variations in rainfall erosivity factor in
Iragi Kurdistan Region. Accordingly, this
study was conducted with the main objective
of deriving a multivariate model to estimate
rainfall erosivity factor for the upper part of
Iraq from annual rainfall data and some other
predictors and creating a rainfall erosivity map
based on the calculation of annual R.
MATERIAL AND METHODS

Study area

The study area is located in the upper part of
Iraq spanning from 34° 28" 10'N to 37° 22
40N and from 42° 22" 15" E to 46° 20' 35" E
and has a total area of about 47,000 Km?. It is
draining its water into the Tigris River and its
tributaries (Khabour, the Greater Zab, the Less
Zab, and Sirwan). The elevation ranges from
less than 250 m in the wide plains to more than
3600 m at the Iragi-Turkish and Iragi-lranian
borders. It abuts Turkey in the north, Iran in
the northeast, and Diyala and Tikrit provinces
in the south and Syria in the northwest. Figure
1 shows that the majority of employed stations
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are within Duhok, Erbil and Sulaymani

Provinces.
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Fig. 1. Majority of employed stations in the study area

Topography plays a major role in creating
disparate microclimates ranging from arid to
semiarid. The spatial distribution of rainfall is
highly affected by orography. The arid zone
receives rainfall less than 250 mm while the
semi-wet zone receives 900-1000 mm and
over. The area above the timberline is covered
with snow in winter for several months. The
rainfall has a unimodal distribution. In general,
the annual distribution shows a dry season
lasting from June to September and a wet
season from October to April. There is a
surplus of water from mid of November to
about mid of April. On the other hand, there is
a water deficit over the remaining period of the
year. Maximum occurrences of rainfall take
place from November to April, which accounts
for more than 90% of the total rainfall in the
region. The majority of the study sites fall in
Semi-arid to Semi-wet classes according to
Emberger scheme (12). On the other hand,
most of the study sites fall in Csa (warm
temperate rainy climate) to Csb (rainy winters
warm temperate summer) according to the
scheme proposed by Koppen (18). The
UNESCO aridity index (Al), which is based
on the ratio of annual precipitation and
potential evapotranspiration rates ranges from
0.1 at the lower part to 0.83 at borders.
However, most of the sites can be classified as
semiarid (0.2<Al<0.5) (30). Elsahookie et al.
(11) reported similar results.
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Database
The first phase of this analysis was dedicated
to rainfall data collection. The data set consists
of rainfall records during 2000 -2018 at 25 rain
gauges located in the study region and its
peripheral areas (Fig. 1). It is worth noting that
the number of stations in service has changed
over the years. About 50% of the data set
obtained from pluviographic stations. At these
stations, the measuring device was recording
rain gauge of the tipping-bucket type that is
relatively well distributed over the study
region. The available data with 15-minute
interval was gathered from electronic rain
gauges. The data were checked and filtered to
remove spurious data before its release.
Data processing
The unit rainfall energy for a given interval
was based on the equation developed by
Wischmeier and Smith (37):
Er=0.119 + 0.0873 log (i) [1]
When: i<76 mmh™, e=the unit rainfall energy
(MJha'mm™) and i= the rainfall intensity
during the time increment (mmh™2).
Subsequently, the unit rainfall erosivity was
used to calculate the rainfall erosivity (Elso)
for an event j (R;) according to Panagos et al.
(25); Lee and Lin (20):

k
Rj=E|SO=[_z ervr]l30 [2]

i=1
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Where: V,=the rainfall depth (mm) during the
rth time interval of the rainfall event that has
been subdivided into k segments. lz=the
maximum-30 min. rainfall intensity (mmh?).
The annual rainfall erosivity over a given year
(Ry) was obtained by summing the rainfall
erosivity over the year in question:

Ry:ZRj [3]

j=1
The average annual rainfall was obtained
according to the -equation proposed by
Wischmeier and Smith (36):

3 (L),

2.2 [4]

Where: n=the number of years recorded,
mj=the number of erosive events during a
given year j, and k=an index of a single event
with its corresponding erosivity (Elso).

For the sake of comparison, the above
procedure was repeated for calculating the
annual rainfall erosivity of the different
stations after replacing the equation [1] by the
equation proposed by Brown and Foster (7):

ep=0.29 {1—0.7213‘0'05 'f} [5]

Where: I,=the rainfall intensity during the time
increment (mmh?), and e=the unit rainfall
energy (MJhath*mm). The pluvial regime of
study area was assessed after calculating the
precipitation concentration index (PCI) for
each station according to the following
equation (22):

R=—
n

PCIannual(%) = Lplzz [6]
A (2{;1 pl_) A
Beside the seasonality index (SI) was

computed using the following formula (32);
@an:

SI =331 |pi—— [7]
Derivation of multivariate models
Multivariate linear models were developed for
predicting annual rainfall erosivity that are
applicable for the region under study using
IBM SPSS-22 as a function of annual
precipitation, latitude, longitude, and altitude.
Only the variables were selected that have
contributed to improving the prediction
accuracy of the proposed models for all
possible cases using the stepwise multi-
regression method.

Assessment of the models
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Additionally, a host of statistical indices was
selected to evaluate adequately the model's
performance. The indicators encompassed:
mean biased error (MBE), mean absolute
percentage error (MAPE), root mean square
error (RMSE), coefficient of variation (CV),
coefficient of agreement (d), Akaike
information criteria (AIC), coefficient of
residual mass (CRM), and symmetric mean
percentage of error (SMAPE) (3); (19); (2).
Cross validation of the proposed model

The dataset was subdivided into five folds and
the proposed models was fitted to 4 folds and
validated using the remaining fold. This
process was repeated until every fold served as
a test set. In the end, the average of some
selected performance indicators was taken to
test the effectiveness of the proposed models.
Seven stations have been also used as part of
the cross-validation (9).

Mapping the spatial variability of the R-
Factor

After calculating the R-values at annual R-
factor, the ArcMap software ver. 10.2 was
applied to map the spatial variability of the R-
factor over the region using Kiriging
interpolation method.

RESULTS AND DISCUSSION

General aspects of annual rainfall and
annual erosivity

The average annual rainfall in the study area
varied from 120.4 t01048.0 mm, with a high
coefficient of variability (35.7%), indicating
high spatial variability of rainfall in the study
region. This result is concordant with the
finding of Jawad et al. (16), who observed a
significant fluctuation of precipitation from its
average value. A total of 5634 rainfall events
were analyzed. The 25 calibration stations
encompassed 5088 erosive events and the 7
validation stations had 546 erosive events. The
precipitation concentration index varies from
as low as 10.43 at Pirmam to as high as 21.54
at Darbandikhan. With one exception, the
stations showed either seasonal (PCI1=10-15)
or highly seasonal (PCl= 15-20) distribution
(Table 1). Most of the stations within the wide
intermountain valleys are characterized by
having a higher degree of seasonality
compared with stations located in the
mountainous area. Further, based on the
classification scheme proposed by Walsh and
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Lawler (32) with a few exceptions, the study
stations fell within seasonal (0.60<SI<0.79)
and markedly seasonal (0.80<SI<0.99) (Table
1). In general, the daily rainfall was less than
50 mm. Overall, the rainfall pattern is of
intermediate type and the rainfall intensity
hardly exceeded 10 mmhr?. This result
supports that earlier findings of Hussein and
Othman (13) who revealed that except for
short duration spring showers rainfall intensity
in the foothills of Iraq seldom exceeded 10
mmhr?. The Durbin-Watson test was used for
detecting first-order autocorrelation in the
annual rainfall of some selected stations (not
shown here) and the results elucidated that the
value of this statistic was close to the lower
critical value (dL) and fell in the inclusive
zone. As the data set of different stations were

mixed together, the overall data became free of
autocorrelation. The  measured rainfall
erosivity in the context of USLE and RUSLE
ranged from 16.6 to 112.3 and from 12.7 to
87.0 metric ton.m ha' yricm h™(hereinafter
referred to metric unit) respectively. To
convert this values from metric unit to
MJImmhath?yr?, multiple the former by 9.81.
With no exception, the rainfall erosivity of all
the station falls within the low erosivity class
based on the scheme proposed by Carvalho (8)
(R<2452 MJmmhathlyrl).  Overall, the
measured values were lower than those
obtained by Hussein (14) when he applied the
model proposed by Arnoldus (4) to calculate
the annual R based on average monthly and
annual rainfall for 49 stations across Iraqg.

Table 1. Classification of precipitation distribution for study stations based on precipitation
concentration index (PCI) and seasonality index (SI).

D Station Oct | Nov | Dec | Jan | Feb | Mar | Apr | May | Jun | Jul | Aug | Sep | Annual PCI Class SI Class

1 | Akre 1087 1 912 | 864 | 1080 | 449 | 1197 | 367 | 33 | 00 |00 00 36 6159 15.02 Moderate 0858 Markedly Seasonal
2 | Amedi 876 | 467 604 | 1184 | 730 1394|777 112 | 00 | 0.0 00 00 | 6228 15.06 Moderate 0.800 | Markedly Seasonal
3 | Ankawa 126 | 603 | 670 | 656 | 262 | 559 (235 90 | 00 | 00 00 00 | 3184 16.80 Irregular 0891 | Markedly Seasonal
4 | Bakrajo 484 | 1162 | 917 | 733 | 424 | 1038 | 387|110 | 00 | 00| 00 | 85 515.0 16.35 Irregular 0.813 Markedly Seasonal
5 | Bamarni 90.8 | 1009 541 | 1096 | 693 | 153.7 | 746 | 144 | 0.0 | 0.0 00 247 | 6995 13.93 Moderate 0.723 Seasonal

6 | Bazian 1410 528 | 1308 868 | 645 | 1316 | 558| 36 | 0.0 | 00 00 325 6329 18.22 Irregular 0.824 Markedly Seasonal
7 | Chamchamal | 382 | 349 512 | 586 | 574 | 590 668 382 | 00 | 0.0 00 119 4486 11.62 Moderate 0.586 Rather seasonal
8 | Darbandikhan | 2283 | 232 1024 | 3586 | 68.7 | 592 (492 | 54 | 04 |00 00 36 5989 2154 | High concentration | 0.894 Markedly Seasonal
9 | Duhok 382 | 549 511 | 386 | 574 | 59.0 | 668 381 | 0.0 | 0.0 0.0 | 160 | 4516 1151 Moderate 0.570 Rather seasonal
10 | Dukan 1730 309 | 749 | 784 | 362 | 1422 |336| 15 | 00 |00 00 | 182 5893 18.91 Irregular 0924 Markedly Seasonal
11 | Erbil 313 | 537 | 399 | 532 | 426 | 534 | 552|358 | 47 | 0.0 00 | 12.7| 3826 1154 Moderate 0.579 Rather seasonal
12 | ErbilDivan 255 | 394 708 | 550 | 331 | 551 | 439 244 | 206 00 00 | 81 | 3444 14.65 Moderate 0.636 Seasonal

13 | Halabja 1384 | 515 | 746 | 800 | 740 | 73.0 (358 36 00 00 00 458 5777 1437 Moderate 0.703 Seasonal

14 | Halsho 106.7 | 100.5 | 502 | 104.9 | 547 | 2035 | 573 92 | 00 00 00 148 7040 16.74 Irregular 0.801 | Markedly Seasonal
15 | Kalar 583 | 387 | 174 | 301 | 360 | 754 |324| 32 | 00 00| 00 | 00 3358 14.28 Moderate 0.805 Markedly Seasonal
16 | Kanimasi 1182 | 964 | 826 | 100.7 | 670 | 148.0 | 992 347 | 00 | 0.0 00 34 | 7637 1332 Moderate 0.716 Seasonal

17 | Khabat 631 | 666 412 | 242 | 175 | 621 | 45| 38 | 00 00| 00 | 89 2921 17.53 Irregular 0528 Markedly Seasonal
18 | Mangesh 658 | 107.7 550 | 108.1 | 67.0 | 117.2| 541 | 179 | 0.0 | 0.0 | 0.0 | 280 | 6230 13.63 Moderate 0.682 Seasonal

19 | Midan 1143 1 980 | 421 | 559 | 504 | 802 | 302 32 | 00 |00 00 00 4747 16.62 Irregular 0858 Markedly Seasonal
20 | Pimam 406 | 356 411 | 586 | 349 | 347 | 647 353 | 159 0.0 0.0 | 270 | 4620 1043 Uniform 0.463 Rather seasonal
21 | Qushtapa 223 | 390 | 501 | 513 | 247 | 535 | 190 70 | 00 00| 00 | 61 2633 16.31 Irregular 0.801 Markedly Seasonal
22 | Shamamik 127 | 166 | 321 | 47.7 | 324 | 386 (258 | 189 00 00 00 58 | 2084 16.87 Trregular 0.765 Seasonal

23 | Soran 957 | 646 781 | 506 | 330 | 1386|610 76 | 0.0 | 0.0 00 244 | 5678 14.47 Moderate 0.746 Seasonal

24 | Sulaymamyah | 353 | 747 | 1114 1128 | 1000 | 903 | 762 311 | 0.0 | 00| 0.0 | 18 | 6559 13.06 Moderate 0.753 Seasonal

25 | Zakho 426 562 578 | 579 | 557 | 711 | 608 | 522 | 0.0 | 0.0 00 191 | 4967 10.78 Uniform 0.343 Rather seasonal

Within Asia, the Middle East has the lowest
erosivity values, with a mean annual R-factor
less than 220 MJmmha thtyr? in Jordan,
Saudi Arabia, Kuwait, Syria, Iran and Iraq
(25).

Sensitivity analysis

Before performing calibration, a simple
sensitivity analysis was conducted without
considering interaction into account to identify
non-influential variables that can be omitted
from the calibration. Table 2 presents the
correlation matrix using all possible cases

1253

procedure. The regressors encompassed annual
rainfall, altitude, longitude, and latitude. As
can be seen in Table 2, annual rainfall
erosivity exhibited the strongest correlation
with rainfall erosivity in the context of USLE
and RUSLE followed by altitude, latitude, and
longitude. It also observed that the latitude
offered the least correlation coefficient with
the response variables. Further, the results
indicated that longitude was high significantly
(P<=0.01) and negatively correlated with
latitude. In spite of a highly significant
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correlation between longitude and latitude, the
former was not disregarded because the multi-
collinearity analysis revealed that the variance
inflation factor was less than 10. As the
rainfall erosivity in the context of RULSE
exhibited lower correlation coefficients with
the study regressors compared to the rainfall
erosivity from RUSLE, so no RUSLE results
are presented hereafter.

Model calibration

The results showed that among the two
parameter equations Model 1 performed better
than models 2, 3 and 4. The improved relation
was attributed to the characteristics of the two
indices. Overall, it can be concluded the P is a
significant discriminator in the prediction of
rainfall erosivity.

Table 2. Pearson's correlation matrix showing the inter relationships between the dependent
and independent variables

Variables Longitude Latitude Altitude P, annual R-USLE R- RUSLE
Longitude 1

Latitude -0.901" 1

Altitude 0.134 0.193" 1

P, annual 0.215 0.033 0.528" 1

R-USLE 0.142 0.025 0.349" 0.893 1

R- RUSLE 0.099 0.048 0.312 0.852" 0.994" 1

It was also observed that among the three- misleading when used to compare the

parameter models, model 5 exhibited results
that are more acceptable and Model 7 offered
the second-highest performance. Conversely,
model 8 provided the least performance,
followed by model 6, 10 and 9. This group
used a combination of two variables out of
four input variables. Additionally, it was
noticed that among the four-parameter models
model 11 with a combination of annual
rainfall, latitude and longitude generated more
statistically significant results followed by
model 13, 12 and 14. The findings also
revealed that the insertion of all the study
variables did not give rise to a considerable
improvement in the accuracy of prediction.
Use of stepwise, backward, and forward
techniques through the IBM SPSS-22 allowed
simplification of the regression models
obtained with a slight loss of accuracy. This
analysis considered only annual rainfall and
altitude.

Test of model performance

It is worthy to note that some commonly used
correlation measures such as Pearson's
correlation coefficient and its square, (R?) and
test of statistical significance are often
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predicted and observed values. Various
measures seem to contain appropriate and
insightful information (35). Accordingly, the
performance of the relationships were assessed
by computing a host of indicators (Table 3).
As can be observed in Table 3 among the two
parameter models, model 1 offered the highest
R? d, and the lowest MBE, MAE, CV, AIC,
MAPE and SMAPE. These statements are true
when the performance of model 5 was
compared Models 6, 7, 8, 9, and 10 and when
the performance model 11 was compared with
those of models of 11, 12 and 14. Overall, the
candidate models are Model 1, 5, 11 and 15.
Among the candidate models, Model 11
yielded nearly the least value for each of MBE
(0.141), MAE (10.539), RMSE (13.311), CV
(20.677%), AIC (523.75), CRM (0.002),
MAPE (17.33%) and SMAPE (18.54). Smaller
RMSE and MAPE values from a given
approach indicate the closeness of the modeled
values to the observed ones. AIC scores favor
more parsimonious models. Smaller AIC
values indicate a better fit when adjustment
made for the number of inputs in the model

(6).
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Table 3. Regression coefficients for the relation between Rainfall erosivity (USLE-R) and each
of annual rainfall and geographical coordinates along with several efficiency criteria.

_ _§ S = Slope Efficiency criteria
<3 | % 8
2H | ]
2 g | = & P Alt Lat | Long | R* | MBE | MAE [RMSE| CV d | AIC | CRM | MAPE | SMAPE
o
5 1| -12.005 | 0.164 0.797 | 0.110 | 11.291 | 14.137 | 21.960 | 0.942 | 527.56 | 0.002 | 18.57 19.61
e 2 38.051 0.041 0.122 0.014 | 23.478 | 29.431 | 45717 | 0.460 | 609.08 | 0.000 38.61 38.75
[ g 3 22.342 1.165 0.001 | -0.007 | 25.062 | 31.396 | 48.769 | 0.171 | 616.26 | 0.000 | 41.21 41.07
= | 4| -149.695 4.832 | 0.02 | 0.000 | 24.937 | 31.087 | 48.291 | 0.241 | 615.17 | 0.000 | 41.01 40.97
5 -6.876 0.181 | -0.02 0.818 | -0.091 | 11.094 | 13.397 | 20.810 | 0.949 | 523.02 | -0.001 18.24 19.56
5 |6 -3.869 | 0.164 -0.266 0797 | 1.573 | 11.123 | 14.223 | 22.094 | 0.941 | 529.67 | 0.024 | 18.29 19.31
E 1‘:3‘5 7 65.948 0.166 -1.781 | 0.800 | 0.130 | 11275 | 14.046 | 21.819 | 0.943 | 528.28 | 0.002 18.54 19.84
= g 8 113.143 0.042 -2.099 0.124 0.026 | 23.507 | 29.399 | 45.668 | 0.465 | 610.40 | 0.000 38.66 38.81
= | 0| -106851 0.039 3203 | 0131 | 0310 | 23.475 | 20.278 | 45.480 | 0.481 | 609.94 | 0.005 | 38.60 38.81
10 | -2642.132 38.465 29.76 | 0.144 | -0.011 | 23.358 | 29.058 | 45.137 | 0.495 | 609.10 | 0.000 | 38.41 38.81
- 11| 128516 | 0.183 -18475 | -14.431 | 0.820 | 0.141 | 10.539 | 13.311 | 20.677 | 0.949 | 523.75 | 0.002 17.33 18.54
5 ‘E 12 | -51.150 | 0.181 | -0.021 1.234 0819 | 0294 | 11.090 | 13.376 | 20.778 | 0.949 | 524,20 | 0.005 | 18.24 19.62
o g 13| 65472 | 0.182 | -0.020 -1.1654 | 0.820 | -21.273 | 21.937 | 25.100 | 38.980 | 0.858 | 504.27 | -0.330 | 36.08 36.40
= 14| -1778971 0.019 25.467 20.584 | 0.156 0.210 | 23.197 | 28.849 | 44.813 | 0.517 | 609.75 | 0.003 38.15 38.48
3
E é 15| 816.333 | 0.187 | -0.012 | -11.375 | -9.492 | 0.825 | -0.218 | 10.733 | 13.141 | 20,413 | 0951 | 523.77 | -0.003 | 17.65 19.06
g
a

1) MBE = Mean biased error, 2) MAE= Mean absolute error. 3) RMSE= Root mean square error, 4) CV=Coefficient of variance, §) d= Coefficient of agreement, 6)
AIC= Akaike Information Criteria, 7) CRM= Coefficient of residual mass, and 8) MAPE= Mean absolute percentage error

By contrast, the indicated model gave the
largest value for of index of agreement
(d=0.949) and with one exception the largest
value for R? (0.820). The index of agreement
suggests that model 11 calibrated well enough
to simulate the annual rainfall erosivity.
Hence, Model 11 and 5 would stand as the
most appropriate models for the study area.
Most of the candidates models including
model 11, 5 neither overestimated nor
underestimated the annual rainfall erosivity,
CRM values were zero or close to
zero.Because, time, effort money expenses are
not involved in obtaining geographical
coordinates, it is recommended to use model
11 as a local model for estimating rainfall
erosivity for the region under study. Based on
the classification scheme proposed by Wilding
(34) the coefficient of variability of the
predicted and observed rainfall erosivity for all
the candidate models are  moderate
(15%<CV<30%). Model 15 exhibited the
lowest value for CV (20.413%) followed by
model 11, 5 and 1. To further investigate the
degree of agreement between the observed and
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predicted values, the predicted values from
each of model 1, 5, 11 and 15 were plotted
versus the observed values of rainfall erosivity
in relation to line 1:1. As can be seen from Fig.
2 that the majority of the plotted points falls on
or close to the line 1:1. It can also be noticed
from Fig.2 that the slope of the regression line
is close to unity. Overall, there is limited data
scattering over the lower range of rainfall
erosivity. Conversely, there is a wider scatter
at the middle and the upper rainfall erosivity
ranges. The plot of the bias from Models 1, 5,
11 and 15 versus the estimated values of
rainfall erosivity revealed that the residuals
had no a systematic distribution (Fig.3). This
implies that these models are appropriate for
estimating rainfall erosivity. Additionally,
Kolmogorov-Smirnov  proved that the
residuals yielded by the indicated models are
normally distributed (Table 4). It is
commendable to mention that the Shapiro-
Wilk test was replaced by Kolmogorov-
Smirnov test because the former is suited for
relatively small sized data.
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Table 4. Tests for examining normality for the residuals and for detecting of multicollinearity
among the inputs of the proposed models for predicting rainfall erosivity

M,o dell Resressore . e - _ Sratist-icts for relsidua-l? Muhi-colliuearir{' statistics .
classification S K-S {SE;!.;‘]SI’J.C Pwlz;t;lhry Tolerance (T) Va;:gc;{l‘l:};l;;mu

Two -Parameter P 0.797 0.795 0.00 0.092 0.218 1.00 1.00

Three -parameter P, Alt 0.818 0.815 0.00: 0.00 0.079 0.378 0.722,0.722 1.39, 1.39

Four -Parameter P, Lat, Long 0.820 0.816 |0.00, 0.00, 0.00 0.088 0.255 1.47.0.134 0.128 1.47, 7.46 7.82

Five-Parameter | P, Alt, Lat, Long 0.825 0.819 53330000? _:8 0.083 0.317 %60_;91 %_;1];361 11;345‘:2329
Attempts were also made to improve on the fit and 15 fitted to four folds and each model was
by using non-linear least squares technique, validated using the remaining fold. In the
but no further improvement in modeling current study, R2-values were noted down in
prediction was obtained (Table 5). Table 6 as one of the performance indicators.
Accordingly, these equations were not Thereafter, this process was repeated until

considered in testing the model's validations.
Model validation

The entire data was split into five folds. Three

to ten folds are
applications (33). Then each of model 1, 5,

recommended for most

11

every K-fold serve as the test set. Finally, the
average value of the indicator was taken. The
results of Table 6 show that each model retains
its original accuracy upon excluding each of
the five folds.

Table 5. Some selected non-linear models for estimating USLE-R in the study region

Model Input variables Formula R? Comments
1 P USLE-R=0.015 P13 0.795  No improvement
2 P USLE-R=0.097 P17- 6,942 0.798  Very slight

improvement

3 P USLE-R = 1E-5 P2+0.153 P - 9.469 0.797  No improvement
4 P USLE-R = 1E-5 P?+0.116 P 0.795  No improvement
5 Long, Lat,P  USLE-R=-5.567+16025 Long 96 |_at14%° p1.13 0.808  No improvement
6 Long, Lat,P  USLE-R=8442.788 Long 1% Lat1%2 pt22 0.807  No improvement

y =0.7962x+ 13.008

Observed-R

50
Predicted-R

y=0.8188x+ 11.526

Observed-R

50

100
Predicted-R

150

Observed-R

Observed-R

200

Predicted-R

200

y =0.8268x+ 11.366
R*=0.825

Predicted-R

Fig. 2. Plot of observed-R versos predicted-R from models (A=Model 1, B= Model 5, C=
Model 11 and D= Model 15) in relation to the line 1:1.
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Table 6. Validation of the proposed models using K-fold method.

Model | Skipped Fold | Intercept P R2 St
1 Fold 1 -15.781 0.169 0.824 14.04
1 Fold 2 -12.086 0.165 0.749 15.29
1 Fold 3 -9.177 0.160 0.794 13.86
1 Fold 4 -13.750 0.167 0.809 13.77
1 Fold § -10.225 0.161 0.800 14.01
Average value for performance indicators 0.7952 | 14.194
Model | Skipped Fold Intercept Alt p R? St
5 Fold 1 -8.037 -0.021 | 0.184 0.846 | 13.17
5 Fold 2 -6.225 -0.032 | 0.194 0.796 | 13.84
5 Fold 3 -6.442 -0.014 | 0.173 0.807 | 13.61
5 Fold 4 -9.459 -0.016 | 0.181 0.824 | 1341
5 Fold 5 -5.092 -0.018 | 0.174 0.816 | 13.50
Average value for performance indicators 0.8178 | 13.506
Model | Skipped Fold | Intercept Long Lat P R? St
11 Fold 1 1343.772 | -14.955 | -19.571 | 0.194 | 0.851 | 13.04
11 Fold 2 1563.154 | -17.31 | -22.722 | 0.189 | 0.782 | 14.38
11 Fold 3 1284.328 | -13.965 | -18.962 | 0.181 | 0.821 | 13.18
11 Fold 4 955.633 | -14.764 | -16.375 | 0.183 | 0.819 | 13.68
11 Fold 5 1225453 | -13.106 | -14.839 | 0.187 | 0.825 | 13.25
Average value for performance indicators 0.8196 | 13.506
Model | Skipped Fold Intercept Long Lat Alt P 2 St
15 Fold 1 903.983 | -10.374 | -12.808 | -0.012 | 0.191 | 0.855 12.94
15 Fold 2 645.920 -7.643 | -8.856 | -0.026 | 0.198 | 0.802 | 13.80
15 Fold 3 1221.098 | -13.321 | -17.98 | -0.002 | 0.182 | 0.821 13.24
15 Fold 4 334519 -4.222 | -4432 | -0.014 | 0.184 | 0.825 13.50
15 Fold § 917.631 | -11.444 | -11.80 | -0.008 | 0.185 | 0.827 | 13.24
Average value for performance indicators 0.826 | 13.344

St =Standard error of estimates
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Fig. 3. Plot of bias verses predicted-R from selected models (A= Model 1, B= Model 5, C=
Model 11 and D= Model 15)

Further, the results indicated that there no a when the R? indicator replaced by standard
considerable fluctuations in the values of R? error of estimates and MAPE (not shown here).
and the model's parameters during the The proposed models were also tested for their
validation process. Similar conclusions made effectiveness on some unseen data (Table 7).
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To achieve this goal, some data (a sample) kept
aside. This implies that a portion of the data
was not used to train the models, but used for
the validation process. The size of the test set
was about 8% of the total sample, but the size
is typically about 20% of the total sample. The
reason behind this measure was to keep a
sample of large size for the training. However,
close inspection of Table 7 disclosed that the
proposed models during the current study are
powerful enough to capture the salient pattern

of both testing and training sets. In other
words, the models caused neither underfitting
nor underoverfitting. The mean absolute
percentage error (MAPE) was below 20%.
According to the scheme proposed by Lewis
(21), the proposed models are categorized
under potentially good class (MAPE<20%).
The mean absolute percentage error (MAPE)
is one of the most widely used measures of
forecast accuracy, due to its advantages of
scale-independency and interpretability (29).

Table 7. Validation of some proposed models for predicting annual R by using a set of test
data out of the training set

Station Hydrologic Elevation L.ongirude Latitude (Decimal P (mm) Obselwec'i—g Predicted-R from Model (Metric Unit)
Year (m) amsl (Decimal degree) degree) (Metric Unit) 1 5 11 15
. 2013-2014 608 44.899 35.748 223 20.9 24.57 21.33 17.59 17.92
Aghjalar 2014-2015 608 44.899 35.748 259.5 229 30.55 27.93 2427 2475
Barzanja 2016-2017 1248 45.692 35.544 427.6 56.8 58.12 45.56 47.36 43.30
Gapilon 2013-2014 916 45.352 35.799 314.1 50.6 39.51 31.66 26.79 26.39
Grdabor 2015-2016 848 45.199 35.701 720.4 108.2 106.14 | 106.56 105.15 105.74
Koya 2013-2014 610 44.617 36.083 442.9 72.2 60.63 61.09 55.71 57.89
Qoratu 2013-2014 275 45.496 34.606 353.1 68.8 45.90 51.54 53.87 53.57
Dinarta 2016-2017 782 43.979 36.799 527.8 73.1 74.55 73.02 67.23 69.61
Average Mean Absolute Percentage of Error, MAPE 16.10 15.40 17.61 17.90

3.6. Regression Analysis Using advanced parameters of some selected models were

(Non-Classical) Techniques

Additional trials were made to allow retention
of all the study explanatory variables, even if
they are slightly or highly collinear, through
employing  both  principal ~ component
regression and ridge regression (Tables 8 and
9). Substantial reduction in the values of the

noticed (Model 11 and 15), but the use of this
advanced tool did not enhance the predictive
ability of the regression models. The mean
absolute error of prediction under ridge
regression was slightly higher that of the
models derived by employing ordinary least
squares method.

Table 8. Test of performance of the proposed model for estimating USLE-R in the study area
using ridge regression technique

Model Type of Analysis Formula R? Comments
11 Multiple linear USLE-R=1285.16 -14.431 Long-18.475 0.820 MAPE =10.73
regression Lat +0.183 P
Ridge Regression USLE-R=229.312-2.740 Long- 3.121 Lat 0.708 MAPE=11.49, Ridge
+0.149 P Parameter = 0.13

15 Multiple linear MAPE=17.65
regression

Ridge Regression

USLE-R=816.333-9. 492 Long-11.375 Lat-  0.825
0.012 Alt+0.187 P
USLE-R=92.457-1.283 Long- 0.9997 Lat- 0.698
0.007 Alt+0.149 P

MAPE= 11.54, Ridge
Parameter = 0.15

The results displayed in Table 9 revealed that

by following principal component analysis, the

number of explanatory variables for model 15

can be reduced from 4 to 2. Under this

Table 9. Test of performance of the proposed models for estimating the annual R in the study
region using the study region principal component regression method

situation, no input variable was excluded. The
two principle components explained only 49%
of variation in the annual rainfall erosivity.

Type of Input variables Formula R? Std. error of
Analysis estimates
PC regression  Long, Lat, Alt, P USLE-R=64.38+2.207PC1+ 22.023PC2  0.493 22.63

Spatial distribution of annual R
The spatial variability of the annual rainfall
erosivity was evaluated by computing its

coefficient of variation, which was higher than
that of the annual rainfall. The CV factor in the
context of USLE was 51%. To further
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investigate the spatial distribution of annual
rainfall erosivity the map of Fig. 4 was
developed based on the observed rainfall
erosivity in the context of USLE. Close
inspection of Fig. 4 shows a decreasing pattern
for rainfall erosivity from west to east and
from south to north within Sulaymani
province, which is related to the decrease in
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the rainfall amount in the same directions. Fig.
4. also indicates a clear north-south-oriented
trend with Erbil province. This trend is also

following the rainfall pattern. Unlike the
distribution of rainfall erosivity within
Sulaymani  and  Erbil  provinces, the

distribution of this parameter within Duhok
did not exhibit an obvious trend.

N

Fig. 4. Spatial distribution of annual R in study area

Conclusions

Based on the obtained results from the current
study, it can be concluded that the annual
rainfall is a significant discriminator in the
prediction of rainfall erosivity. Out of all
possible cases, four linear multivariate models
offered the highest performance for estimating
annual R. To the view of the authors model 11
(the model with a combination of annual
rainfall, latitude, and longitude) outperformed
the remaining proposed models because nearly
all the assumptions of linear multiple modeling
are considered in this model.
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