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ABSTRACT

The study proposes a new approach that combined statistical downscaling, bias correction,
and disaggregation of rainfall techniques to derive the IDF curve from large scale
atmospheric reanalysis data. The applied methodology details the NCEP/NCAR reanalysis
dataset being downscaled by an ANN-based approach to estimate the daily rainfall of Izmir.
The annual maximum rainfall series of the study area were sampled from the daily
downscaled rainfall series. The sampled daily maximum rainfalls were then bias-corrected
by the quantile mapping method and disaggregated into the annual maximum standard-
duration rainfall heights regarding the rainfalls' scale-invariant properties. Finally, the IDF
curves of the study area were determined by using the disaggregated rainfall heights. The
results confirmed that the IDF curves dependent on short-duration extreme rainfall heights
could be reasonably estimated from the large-scale atmospheric variables using the statistical
downscaling approach.

Keywords: Statistical downscaling, bias correction, quantile mapping, rainfall
disaggregation, IDF curve.

1. INTRODUCTION

Local weather conditions of a region highly depend on the synoptic patterns evolving in
three-dimensional large-scale atmospheric coverage over the region. The existing global
large-scale atmospheric datasets, assimilated to better understand climate change, constructs
a worldwide historical base for this large-scale coverage. The National Center for
Environmental Prediction and National Center for Atmospheric Research (NCEP/NCAR)
distribute reanalysis data of the global atmosphere from 1948 to the present day at 2.5° X
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2.5° resolution [1], while the European Centre for Medium-Range Weather Forecasts
(ECMWF) produce ERA-Interim Reanalysis dataset from 1979 to today at 1.5° X 1.5°
resolution [2]. Both datasets have been used as observed data for explanatory data analyses
in historical and/or future climate studies. Both datasets were also compared in the context
of representation of regional climatic variables, such as precipitation and temperature from
Asia [3] to Australia [4] and from Europe [5] to Africa [6]. The studies concluded that, in
general, although each dataset performed almost similar results, the ERA-Interim dataset
often reproduced slightly better observed climate relative to the NCEP/NCAR datasets due
to the difference in their distinctive spatial resolutions that coarser-resolution smoothens the
inter-variability of the observed climatological variables. Also, in terms of the temporal
coverage, a longer period is generally preferred in most statistical analyses, and
NCEP/NCAR contains 30 years more data, makes itself the preferred dataset.

Studies using reanalysis data such as NCEP/NCAR are mainly categorized into two different
groups. One group regards the dataset as a benchmark relative to the estimations of the
historical climate patterns of the Global Circulation Models (GCMs) [7—-10], while the other
group regards the dataset as independent atmospheric variables explaining the dependent
local weather variables such as precipitation or temperature via quantitative estimation
approaches such as linear or non-linear regression models [11-14]. The reanalysis datasets
can also be used to estimate the response of a hydrological system to changing climates
[15,16].

The estimation of local weather variables (i.e., precipitation and temperature) from large-
scale atmospheric data is called downscaling. The focal point of downscaling is to transfer
large-scale patterns of atmospheric variables (predictors) of either reanalysis datasets or
GCMs output to local weather variables (predictands) [12,17]. Several downscaling
methodologies have been developed, such as dynamical downscaling and statistical
downscaling. The dynamical downscaling is associated with the physically based Regional
Climate Models (RCMs), where the GCM results constitute the model domain's boundary
conditions. It is computationally intensive, complex, and requires substantial computational
resources [18,19]. Statistical downscaling utilizes statistical relationships to predict local
climate variables from large-scale variables. It was developed to establish quantitative
relationships between large-scale atmospheric variables and local surface variables [12].
Some of its main categories include transfer functions, weather classification methods, and
weather generators [19,20], with transfer functions being the most commonly used category
[21]. Some examples of statistical downscaling include linear and non-linear regression,
principal component analysis (PCA), canonical correlation, redundancy analysis, and
Artificial Neural Networks (ANN) [12,22].

Downscaling hydro-meteorological variables result in biases inherent in the downscaling
methods themselves [23] and the spatial resolution of the predictors [24—26]. These inherent
biases can be removed by applying bias correction procedures on the downscaled
predictands, which increases the accuracy of the results [27,28].

The statistical downscaling of hourly rainfall, required for frequency analysis of severe
weather conditions, is rarely conducted because the large-scale datasets have rough temporal
resolutions such as 6 hours. The majority of statistical downscaling studies focus on the
estimation of monthly, daily, or annual maximum rainfall due to the temporal deficiencies of
the predictor datasets [12,29-31].
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Studies focusing on estimating sub-daily rainfall generally utilize RCMs [32] that are not
practical for individual research endeavors due to their inaccessibility to the results of
regional models. This impediment requires practical and functional statistical downscaling
methods for the researchers dealing with the sub-daily rainfall analysis like the estimation of
Intensity-Duration-Frequency (IDF) curves.

There are some reported examples in the literature of IDF curve estimation using large-scale
atmospheric datasets. However, most of these reported works utilize RCMs for downscaling
due to the abovementioned limitations. Mailhot et al. (2007) compared regional estimates in
control and future climates on a grid box scale and reported that return periods of 2-h and 6-
h events would approximately be halved in future climates. The same study reported that
return periods of 12-h and 24-h events would decrease by a third in Quebec, Canada[32].
Mirhosseini et al. (2013) reported future IDF curves of 3-hourly precipitation simulated by
combining six GCMs and RCM results temporally downscaled using a stochastic method.
The study evaluated the performance of downscaling methods and develop IDF curves using
the RCM results for the state of Alabama, USA [33].

This paper details an approach for establishing local IDF curves using large-scale
atmospheric variables. The NCEP/NCAR Reanalysis dataset over Izmir, Turkey, was used
to estimate the daily rainfall values using the Artificial Neural Network (ANN)-based
statistical downscaling approach. The annual maximum daily rainfall values were estimated
after the bias-correction of the sampled annuals from the daily rainfall series. The annual
maximum rainfall values were disaggregated based on a simple scale-invariant approach, and
the maximum rainfall heights at standard durations were estimated to construct the IDF
curves of the study area.

2. STUDY AREA AND DATASETS

Izmir, located on the Aegean coast of Turkey (see Fig. 1), was selected as the study area. It
is the third-largest city in Turkey with a typical Mediterranean climate. According to the
Turkish State Meteorological Service, the average annual precipitation in the area is 610
mm/year, and 80% of the total annual rainfall is observed in November — March period.

There are many weather stations in the study area, but only the Izmir station contains the
annual maximum standard duration rainfall records. The other stations have different
operation periods within the region, so their datasets were only used to validate the results of
the downscaling networks of the Izmir station. The spatial locations of the stations and
available datasets in the study area are summarized in Table 1 and Figure 1. The observed
daily rainfall series of the Izmir stations was the predictand (output) of the downscaling
networks.

The NCEP/NCAR Reanalysis dataset, as a large-scale atmospheric parameter set, is available
in sub-daily, daily, and monthly time resolution for 1948 - present at a spatial resolution of
2.5°x 2.5° [34]. The daily atmospheric dataset of the NCEP/NCAR re-analysis grid, located
between latitudes from 36.25° N to 38.75° N, and the longitudes from 26.25° E to 28.75° E
(see Figure 1), were used as predictors (inputs) of the downscaling networks. In order to
validate the model, the period from 1948—1990 was used for the training period and 1991-
2018 as the testing period.
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Figure 1 - Locations of the study area and selected stations

Table 1 - Meteorological stations in the study area

I\SIIEEEO); Station Name  Latitude (°) N Longitude (°) E Al;cri;[gde AV&?IZEH ty
17220 Izmir 38.3949 27.0819 29 1938 - 2018
17219 Adnan Mend. 38.2950 27.1479 119 2009 - 2018
17820 Seferihisar 38.1990 26.8350 22 1980 - 2011
17221 Cesme 38.3036 26.3724 5 1965 - 2018
17822 Odemis 38.2157 27.9642 111 1960 - 2011
17854 Selcuk 37.9423 27.3669 18 1965 - 2011

The first step in statistical downscaling involves selecting the appropriate predictors. Any
predictor can be used for downscaling as long as it has an acceptable correlation with the
predictands [35,36]. However, using many predictors may not result in a better relationship
relative to using a parsimonious predictor set. Therefore, stepwise regression and correlation
analysis, combining the inputs and outputs, can be used to select the main explanatory

predictors [11,37-39].

In literature, there is not a general agreement on the selection of the most appropriate
predictor variables. Generally, the selection procedure depends on the region’s unique
characteristics, such as its large-scale atmospheric circulation, seasonality, topography, and
the predictand to be downscaled [40]. Table 2 summarizes several studies on selecting
various predictors for downscaling precipitation in different regions across the world.
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Table 2 - Predictor selection in various studies
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= = =
a2
5 ¥ 5 38 £ =z 3§ %
Levels Predictor variables = + 5 s £ ‘3 4 &
] ] S s = 5 S <
= = ) = o = O
Air temperature X
200 hPa Geopotential height X X X X
Meridional and zonal winds X
Air temperature X X X X
Geopotential height X X X X X X
Relative humidity X X X X
500 hPa ) o
Specific humidity X X X
Meridional and zonal winds X X X
Vertical pressure velocities X
Air temperature X X X
Geopotential height X X X X X X
Relative humidity X X X X
850 hPa ) o
Specific humidity X X X
Module of moisture flux X X
Meridional and zonal winds X X X
Air temperature X X X X X
Pressure X
Precipitation X X X X
Surface Relative humidity X X X
Specific humidity X X
Sea-level pressure X X X X X X X X
Mean daily v-wind X X

The correlation analyses depicted that the geopotential height, air temperature, relative
humidity, v-wind, and mean sea level pressure play significant roles in daily rainfall events
in the studied area. The predictors were then selected based on the i) acceptable correlation
with the predictand and ii) the preference in the previous downscaling studies in the region.
Several ANN models were constructed between the selected predictors and the daily rainfall
series to determine which predictors are better suited for downscaling networks. As a result,
12 atmospheric variables from the NCEP/NCAR Reanalysis dataset listed in Table 3 were
selected as predictors for the study area.
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Table 3 - Selected atmospheric predictors from NCEP/NCAR Reanalysis dataset

Atmospheric level Selected variables Unit Abbreviation

200 hPa Mean daily geopotential height m Hgt200
Mean daily air temperature K Air500

500 hPa Mean daily geopotential height m Hgt500
Mean daily relative humidity % Rhum500
Mean daily air temperature K Air850

850 hPa Mean daily geopotential height m Hgt850
Mean daily relative humidity % Rhum850
Mean daily air temperature K Air
Mean daily sea-level pressure Pascal  Slp

Surface Mean daily relative humidity % Rhum
Mean daily v-wind at 10 m m/s V-wind
Mean daily precipitation rate kg/m? Prate

3. METHODOLOGY

The methodology of this study is summarized in Figure 2. The first step involves constructing
three downscaled ANN models of the large-scale NCEP/NCAR Reanalysis data into station-
based daily rainfall series within the study area. The best ANN structure is then determined
based on the performance yield from statistical analysis (e.g., R?, RMSE). The second step
entails correcting the biases of the estimated annual maximum daily rainfall values sampled
from the daily rainfall series downscaled by the best ANN model. This step is followed by
estimating the annual 24-hour maximum rainfall values from the annual maximum daily
values using the observed ratio. The final step is to disaggregate the annual 24-hour
maximum rainfall into the standard-duration rainfall depths according to the scale-invariant
properties of the short-duration rainfall, then estimate the IDF curves of the studied area using
the probability distribution functions fitted to the standard-duration rainfall heights. Details
for each step are outlined in the following sections.

3.1. Estimation of Daily Rainfall Series Using Ann-Based Downscaling Approach

ANN was used as a well-known machine learning technique to estimate the observed daily
rainfall from the large-scale atmospheric reanalysis variables [36]. The ANN is utilized as a
practical black-box tool for developing a non-linear regression between the atmospheric
dataset (predictors) and observed daily rainfall (predictands) [20,47]. The earlier studies
[36,47] concluded that ANN is not the best statistical approach due to its exclusion of the
atmospheric variables of the antecedent days as inputs and the lack of bias correction of the
downscaled estimations. However, ANN proved to be one of the best alternatives in the
statistical downscaling approaches when bias correction is applied to the statistically
downscaled atmospheric variables [43,48]. Details of the ANN-based downscaling method
are reported by Fistikoglu and Okkan (2011), and its applications in hydrological science are
reviewed in the report of ASCE [49]. ANNs were used effectively for the daily rainfall and
monthly rainfall estimations [16,43,50].
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Figure 2 - The flow chart of the methodology
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As past and present large-scale atmospheric conditions significantly influence the current
local weather conditions, the present and antecedent large-scale atmospheric variables were
considered as inputs of the daily downscaling networks [51]. Three statistical downscaling
models were tested regarding the antecedent atmospheric conditions in this study, as shown
in Fig. 3.

| NCEPINCAR, ’—»( 1** Model (ANN,) H Pygy onday t |

| NCEP/NCAR, } - -
e 2" Model (ANN,) ) >} Pgaily on day t ‘
| NCEP/NCAR

| NCEP/NCAR, |—

| NCEP/NCAR Q——N/ 39 Model (ANN;) H Pyyondayt |
| NCEP/NCAR., —

Figure 3 - Three alternative ANN-based downscaling models tested in the study

In the first model (ANN)), the daily atmospheric variables on the day (t) are used as input
(predictors) for estimating the daily rainfall on the day (t). In the second model (ANN>), the
atmospheric variables of the previous (t-1) and current (t) day are used as predictors, while
the variables of the two antecedent days (t-2) are added in the final model (ANNj3). Figure 3
shows the three downscaling models based on the input variables of NCEP/NCAR dataset.

The coefficient of determination (R?) and the root mean squared errors (RMSE) were utilized
to evaluate the performance of the downscaling models and to select the optimal model
structure to be used for estimating the daily rainfall in the study area.

3.2. Bias Correction of the Annual Maximum Daily Rainfall

The annual maximum daily rainfall is a sub-sample of the daily rainfall series. The maximum
value of each year was sampled among the downscaled daily rainfall series to construct the
annual maximum daily rainfall estimations. Biases emerge from the input dataset of the
downscaling networks that do not represent the existing atmospheric conditions due to the
spatial and temporal discrepancies, or they are caused by systematic errors depending on the
structure of the downscaling networks. Therefore, the outputs of the downscaling network
were evaluated based on whether their respective biases were apparent, and if they are
significant, they must be removed from the downscaled series. Teutschbein and Seibert [28]
evaluated bias correction methods and reported that the distribution mapping is the best
method, where its core concept involves correcting the downscaled outputs based on the
observed probability distribution function, which can be realized by shifting the downscaled
model's outputs to the observed records with the same probability of non-exceedance [52].
The distribution mapping approach is also called quantile mapping in other studies [53—55].
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Eqgs. 1 and 2 summarize the distribution mapping method for bias correction used in this
study. Figure 4 also illustrates this method with respect to the distribution functions.

Fdownscaled = CDFdownscaled (Pmax.daily,downscaled|adownscaled) (1)

P ; = CDF;L (F, la ) ()
max,daily,corrected — observed \" downscaled |“observed

where;

Fiownscated » is non-exceedance probability of the downscaled annual maximum daily
rainfall, CDF,,unscatedC |%downscatea) 18 cumulative distribution function with the
parameter Ogownscatea fitted to the downscaled annual maximum daily rainfall,

Prax.daity downscaled is downscaled annual maximum daily rainfall,
CDF} .k orved (- | @observeq)is inverse cumulative distribution function with the parameters

Qopservea fitted to the observed annual maximum daily rainfall and Pp,qx qqity,correctea 15
bias-corrected annual maximum daily rainfall.

-

== = observed

— downscaled

Equation 1

Equation 2™
o 40 80 120 160

Annual maximum daily rainfall

Figure 4 - Distribution mapping method for bias correction

3.3. Estimation of the Annual Maximum 24-hour Rainfall

The annual maximum daily rainfall (P qai1y) is slightly different from the annual 24-hour
maximum rainfall (Pp,qyx24). The Prrgy gairy 1S the annual maximum rainfall height observed
in a calendar day, while the Py, 4 the rainfall height observed in 24-hour durations that
might not overlap with the calendar day duration. Although they might be different rain
events, most heavy rain heights are observed in 24 hours also occur on a calendar day as it
starts and ends on a calendar day. In some rare cases, it starts on a calendar day and extends
to the next calendar day. Thus, the empirical ratio between Pyqx 24 and Prgy qqiry 18 slightly
bigger than 1.0 and given in Eq. 3.

r= Pmax.24/Pmax.daily r>1.0 (3)
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The empirical ratio (r) between Ppgy24 and Ppgygqiy €an be estimated from the local
pluviograph records. For example, r is reported as 1.13 for the USA by National Weather
Service, and this ratio is nearly similar within a large spatial coverage in the USA [56].
Therefore, using the empirical relationship given in Eq. 3 for the study area facilitates
predicting the annual maximum 24-hour rainfall from the annual maximum daily rainfall
Piax,daity - The ratio r can be obtained from any stations with the pluviograph observations
in the study area. If the observations do not exist for a particular area, they can be transferred
from the nearest station where the observations are available in the region, as it does not
change dramatically over the region [56].

3.4. Disaggregation of Pmax.24 to Shorter Standard Duration Rainfall Puax.s and IDF
Curve Estimation

The establishment of IDF curves requires rainfall heights with durations shorter than 24
hours. Short duration rainfalls, called standard duration rainfalls, are the observed annual
maximum rainfall heights for each standard duration, such as 5 mins, 10 mins, 15 mins, 30
mins, 1 hour,.., 24 hours. Determining the maximum rainfall heights at standard duration d
requires calculating the maximum slope (AP/d) on each year's pluviograph records. If the
pluviograph records do not exist, empirical ratios between standard duration rainfall and 24-
hour rainfall can be used to estimate the standard duration maximum rainfall. Those ratios
can be formulated using the median values of the observed ratios, which are based on the
scale-invariant rainfall models in literature [57-59].

The shorter duration annual maximum rainfalls are non-linearly proportional to the annual
maximum 24-hour rainfall’s height [60]. The Indian Meteorological Department (IMD) uses
an empirical formula (Equation 4) to estimate the empirical ratios of short-duration rainfalls
to 24-hour rainfall if the observations do not exist [61]. Chowdhury et al. [62] and Jahnvi et
al. [63] used Eq. 4 to estimate the shorter rainfall intensity of any return period in their studies.

D

Pmax.d = Pmax.24- ( (4)
Huff and Angel analyzed records of 34 rain gauges in Illinois, USA, then propose the
empirical ratio for every duration to estimate short duration rainfall from daily rainfall [56].
The proposed ratios in their study are quite like the ratios estimated from Eq. 4.

In this study, the mean values of the observed ratios of each year, which we refer to Temporal
Distribution of Maximum Rainfall (TDR), are used to disaggregate the Pp,,424 to shorter
standard-duration rainfall heights Py, 4, 4 (i-€., 5-min, 10-min, 15-min, 30-min, 1-hr, 2-hr, 4-
hr, 6-hr, 12-hr, 18-hr). The TDR given in Eq. 5 is also compared to test the validity of both
the IMP method (Eq. 4) and the empirical ratios proposed by Huff and Angel [56].

(Z? Pmax,d)/n
(Z? Pmax,24)/n

TDR 4 = (5)

where TDR , is the observed mean ratio of the annual maximum rainfall with duration (d)
Ppax,a to annual maximum 24-hour rainfall P,,4, 24, n is the number of observations. If the
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observed ratios are not available in a particular area due to the lack of standard duration
rainfall observations, the ratios of the nearest station in the region can be used like the case
of the ratio of the daily and 24-hour maximum rainfall.

The Intensity-Duration-Frequency (IDF) curves represent the relationship between intensity,
duration, and return period of the maximum rainfall height within an area [62]. The curves
make it easier to compute the rainfall intensity of maximum rainfall event with different
duration and the probability of exceedance, which are significant input to design urban
drainage systems. The IDF curve establishment requires fitting a theoretical probability
distribution to the annual maximum rainfall heights for each standard duration to calculate
the return periods of them. Then, the estimated annual maximum rainfall intensities with
different durations but the same return period are plotted as curves [63].

4. RESULTS
4.1. Downscaling of the Daily Rainfall

Using the large-scale atmospheric variables of the study area given in Table 3, three
alternative ANN-based downscaling models were established considering the time lag
configuration of the inputs as described in the section 3.1. The coefficient of determination
(R?) and the root mean squared error (RMSE) were utilized to evaluate three downscaling
models. Table 4 summarizes the results of three alternative downscaling ANN structures of
the Izmir station and gives the R between downscaled daily rainfall values and observations
of the neighbor stations. Fig. 5 shows the overall performances of three downscaling models
for the Izmir station as scatter diagrams. Table 4 and Fig. 5 clearly show that the second
model (ANN3), where the inputs are the atmospheric variables of the previous and current
day, has better performance than the other models. It is also evident that the performance of
the first model (ANN,) produced the worst results, while the third model (ANN3) shows no
significant difference relative to the optimal model (ANN>). Table 4 also highlights the
performance of the models as R? regarding the observations of each neighbor station. The
high R? indicates that the ANN, based downscaled daily rainfall of the Izmir station is also
spatially consistent with the observations of near stations in the region.

120 120

B 100{ R*=0.5499 100 R?=05419
S °
N 80 "
3
5 L 60
g
3 40 40
E
£ 2 2
=
S ’ 0 0
0 20 40 60 80 100 120 0 20 40 60 80 100 120 0 20 40 60 80 100 120
Observed daily rainfall (mm) Observed daily rainfall (mm) Observed daly rainfall ()
ANN; ANN, ANN;

Figure 5 - Comparison of the observed and the downscaled daily rainfall series resulted
from three alternative models for the Izmir station at all training and testing period
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Table 4 - Results of the three downscaling models for the training and testing periods for
each meteorological station

Station Period Indicators ANN; ANN, ANN;
. Train R? 0.363 0.550 0.542
Izmir
1948-1990  RMSE 5256 4410 4.460
. Test R? 0331 0.462 0.451
[zmir
1991-2018  RMSE 591 5250 5330
Test )
A. Menderes £009-2018 R 0.372 0.507 0.487
Seferihisar Test R? 0.257 0351 0.348
1980-2011 : e '
Test 2
Cesme 1065201 R 0.267 0327 0322
Odemis Test R? 0278 0.408 0.366
1960-2011 : 2280 '
Selcuk Test R? 0.329 0.442 0.427
1965-2011 : 2228 '

4.2. Estimation of Annual Maximum Daily Rainfall and Bias Correction

After daily rainfall values were downscaled by ANN; model, the maximum rainfall value in
each year was sampled to construct the annual maximum daily rainfall series. As the output
of the downscaling model contains biases caused by the discrepancy between the real and
representative NCEP/NCAR atmospheric conditions and the inadequate model structure of
the downscaling network, the biases must be removed from the annual maximum daily
rainfall values. The annual maximums sampled from the daily rainfall series are as accurate
as the daily estimations. Fig. 6(a) shows the observed and estimated annual maximum daily
rainfall values as well as the large-scale precipitation variable of the NCEP/NCAR reanalysis
dataset. Although the observed and estimated values show similar fluctuations, the biases are
apparent in the estimations. Figure 6(a) also shows that both observed and downscaled annual
maximum daily rainfall have approximately the same increasing trend pattern over time. This
result indicates that despite the biases in the large-scale atmospheric variables, the ANN;
model structure preserves the trend mechanism in the observed rainfall series.

For bias correction, the distribution mapping method which proposed by Teutschbein and
Seibert [28] was used. The cumulative distribution function of the observed and estimated
annual maximum daily rainfall was considered as Gamma after the distribution analyses. The
bias corrections of the annual maximum rainfall values were realized by Eq. 6.

corrected __ -1 downscaled
Pmax,daily - R’ {Fy(Pmax,daily Rdownscaledr Bdawnscaled )|aobserved1 Bobserued} (6)
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where; PEorefted is bias-corrected annual maximum daily rainfall, PZowriscaled is

downscaled annual maximum daily rainfall sampled from the daily series, a and 3 are the
shape and scale parameters of the Gamma distribution, respectively. The values of the o and
B are 7.16, 8.84 for the observed, and 6.82, 9.29 for the downscaled values, respectively.

a) Before bias correction
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Figure 6 - a) The observed and downscaled annual maximum daily rainfall (before bias
correction) and reanalysis daily precipitation at surface level b) the observed and bias-
corrected annual maximum daily rainfall
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Figure 6(b) exhibits the observed and bias corrected annual maximum daily rainfall values
of the Izmir station. Figure indicates that bias correction stretches and shifts the downscaled
annuals regarding the mean value and the distribution of the observations properly. In Figure
6(b), it is apparent that bias correction still preserves the trend mechanism in the maximum
daily rainfall series. Table 5 also gives the statistics of the observed, downscaled
(uncorrected), and bias corrected annual maximum daily rainfall values of the Izmir station.
In addition to Table 5, Figure 7 also shows the box plot diagrams of the observed,
downscaled, and bias corrected annual maximum daily rainfall Ppax daity Of the study area.
Table 5 and Fig. 7 indicate that the bias correction applies a decent correction to the
downscaled maximums and the corrected maximums fairly fit to the observations.

Table 5 - Statistical parameters of annual maximum daily rainfall (Ppax qairy) of observed,
downscaled and bias-corrected

Praxdaity Praxdaily Praxdaily
Observed Downscaled Bias corrected
N 71 71 71
Mean 63.35 41.44 63.30
Median 59.70 40.70 61.11
St. Dev 23.67 11.62 23.94
RMSE 31.76 28.39

100

Annual max daily rainfall
(mm/day)
o
S

Observed Downscaled Bias-corrected

20

Figure 7 - The box plot of the observed, downscaled, and the bias-corrected annual
maximum daily rainfall P gy qqiry in the Izmir station

4.3. Estimation Annual Maximum 24-hour Rainfall

The observed annual maximum daily rainfall values were compared with observed annual
maximum 24-hour rainfall obtained from the station pluviograph records during 1948-2018.
The scatter diagram (Fig. 8) of the maximum daily and 24-hour rainfall demonstrates that
most of the 24-hour rainfall event occurs in a calendar day and the 24-hour maximum
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precipitation is slightly higher than the maximum daily rainfall. The regression equation
between the observed daily and 24-hour rainfall observations given in Fig. 8 is used to
estimate 24-hour maximum precipitation after bias corrected daily maximum rainfall is
estimated.

anx,24 =1.047P

max,daily

R2=009163 o

Annual maximum 24-hr

20 40 60 80 100 120 140
Annual maximum daily rainfall

Figure 8 - The relation between Py 24 and Py qaity

The regression equation Py 24 = 1.047 Ppay qairy for the study area is consistent with the
results of the Huff and Angel [56] in USA, which show that the ratio between P4, 4 and
Prax,daity vary in 1.01 - 1.13. The reason of these rates are so close to each other is that the
24-hour maximum rainfall usually occurs within a calendar day. Therefore, the empirical
ratio (1.047) between the annual maximum 24-hour and daily rainfall, which is slightly
higher than 1.0, can be used to estimate the Py, 24 by using the daily maximum rainfall in
the study area.

4.4. Disaggregate Maximum 24-hour Rainfall into Standard Durations

The maximum rainfall intensities at standard durations generally occur during the maximum
24-hour rainfall event. Several studies [61,64,65] used this assumption to formulate a
correlation between the standard duration rainfall and 24-hour rainfall heights.

Fig. 9 compares the disaggregation methods of the annual maximum 24-hour rainfall, IMD
empirical method, observed TDR ratios in the study area, and Huff and Angel's empirical
ratios. It can be seen that the observed ratios (TDR), which is used in this study, is almost
similar to the IMD empirical formula [61] and also Huff and Angel’s empirical ratios in the
USA [56].

The observed mean of TDR values was used to disaggregate the maximum 24-hour rainfall
into the values at standard duration (5, 10, 15, and 30 mins, and 1, 2, 3,4, 5, 6, 8, 12, 18 hr)
rainfall heights. The disaggregated values were also tested for their median and distribution
properties using the Mann Whitney-U test. The basic statistics and the Mann-Whitney test of
the observed and disaggregated standard duration rainfall are tabulated in Table 6. The p-
values of the Mann Whitney-U tests reveal that the differences between the median value of
the observed and disaggregated standard duration rainfall heights are statistically
insignificant at risk of 0.05 (see Table 6). Fig. 10 also shows the comparison between the
median and distribution of the standard duration rainfall heights in the form of box plots.
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Figure 9 - Comparison of the three disaggregation methods

Table 6 - The basic statistics of the observed and disaggregated standard duration rainfall
series and results of Mann-Whitney U tests

ISDt:;ﬁ?(:?l Mean Max Min St.dev Skewness M?;_‘:XE;TY
Smin G o e s s im 0060
omin GY los w0 s az w 00864
smin W 3 wa0  ess  se is 008l
Omn G e 50 sel  om iss 00732
I Ge s e s s isq 00953
2 G on  es  ases  ixer  ias 01278
S e e wms ases  1sm is 01327
M e e v e 1ss is 0146
S G om0 nsm aon s s 01097
O w0 1o a0 186 2% 01259
S e o0 s o e 2 02127
i G a0 a0 oael oia0 1o 02043
Sh G a0 asa0  ases  ma s 03097
20 G e usw  ww s i 063

*If the p-value is greater than the significance level (0.05), the decision fails to reject the null hypothesis that the
median of the observations equals the median of the estimated values.
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Figure 10 - Box plots of the observed and disaggregated standard duration rainfall heights

4.5. Observed and Estimated IDF Curves

The observed annual maximum rainfalls for the standard durations (5, 10, 15, 30 min, 1, 2,
3,4,5,6,8, 12, and 24 hr) were analyzed to develop the IDF curves, and the 2-, 5-, 10-, 25-
50- and 100-years rainfall intensities were calculated using the probability distribution
function of the observed standard duration rainfalls as log-normal.

Fig. 11(a) shows the IDF curves obtained from the observed rainfall records of the Izmir
station. The IDF curves can be expressed as an equation, assuming logarithmic relationships
between intensities, durations, and frequencies [66]. The equation is also shown in Fig. 11(a).

Similarly, the disaggregated estimations for standard duration rainfalls were also used to
construct the estimated IDF curves using the same durations and occurrences. The log-normal
distribution was again selected as an appropriate probability distribution function for the
estimated standard duration rainfall intensities. The estimated IDF curves and their equation
form of the Izmir station are also shown in Figure 11(b). It was noticed that the observed and
estimated IDF curves and their simple forms of equations are not significantly different.
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Figure 11 - IDF curves for the Izmir station (a) obtained from observed values (b)
estimated from large scale atmospheric variables

5. CONCLUSIONS

The ANN technique was used to establish a statistical downscaling model for estimating the
station-based daily rainfall values from large-scale NCEP/NCAR atmospheric variables for
the city of Izmir in the Aegean region. The best downscaling model structure was achieved
by using atmospheric variables of the current and previous day as predictors. The results of
the model were compared with observations of the neighbor stations for spatial validation.
The atmospheric variables selected as predictors such as air temperature, relative humidity,
and geopotential height at different atmospheric levels and sea level pressure, v-wind, and
areal precipitation rate at the surface on the current and previous day were the most
explanatory variables for the daily rainfall estimations in the study area. The atmospheric
conditions of the previous day were crucial as they increase the accuracy of the estimations.
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The annual maximum daily values were sampled from the downscaled daily rainfall series.
The biases in the annual maximum daily values were removed using the distribution mapping
approach. The results showed that the estimated annual maximum daily rainfall values were
consistent with the observations in the study area, which led to the conclusion that the bias
correction is a crucial step in a statistical downscaling approach. The method presented here
requires the daily rainfall observations to construct a downscaling model and bias corrections.
If the observations do not exist at all, it is not possible to find the relationship between large
scale atmospheric variables and daily rainfall values. On the other hand, the method presented
here can be used to extend the inadequate rainfall observations to estimate long term values.

The bias corrected annual maximum daily rainfall values sampled from the daily rainfall
series (1948-2018) were transformed to the annual maximum 24-hour values using the
observed empirical ratio. The observed empirical ratio in the study area was revealed that the
24-hour rainfall values were slightly higher than the daily maximum rainfall values. If the
24-hour rainfall values are not available in the study area, 24-hour rainfall values can be
assumed as equal to the daily maximum rainfall values since the ratio is very close to one.

The estimated annual maximum 24-hour rainfall values were disaggregated into the shorter
standard duration rainfall values using the mean values of the observed ratios (TDR) between
24-hour rainfall and standard duration rainfall. The Mann-Whitney U statistics revealed that
the disaggregated estimations have similar medians and distributions with the observed
standard duration rainfalls. The results of the disaggregation phase of the study revealed that
the observed empirical ratios between the standard duration rainfall and 24-hour rainfall
could be used to estimate the sub-daily rates of the maximum rainfall. The observed ratios
are very close to the IMD equation, which only consider the power function of durations. If
the observed standard duration rainfall records do not exist in the study area, the IMD
equation can be used conveniently.

Finally, the estimated standard duration rainfall values were used to generate IDF curves, and
a simple form of the IDF equation was fitted to both observed and estimated rainfall
intensities. The concordance between estimated and observed IDF curves and equations
indicate that the large-scale atmospheric variables can be used to estimate IDF curves
reasonably if the daily rainfall values were downscaled and bias-corrected appropriately.

As the number of annual maximum values are essential for statistical analysis of the extreme
rainfall events, the approach detailed here could extend the annual maximum dataset of a
region where the observation period is inadequate for proper statistical data analyses.
Although the methodology applied in this study estimates the IDF curves from historical
atmospheric variables, it can be also used to predict future IDF curves using the atmospheric
variables of the GCMs running under different climate scenarios. The bias correction of the
daily rainfall predictions for the future must be realized by using the historical and future
atmospheric predictions of the GCMs.

Symbols
ANN : Artificial neural networks
CDF : Cumulative distribution function
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CDF! : Inverse cumulative distribution function
GCMs : Global Circulation Models
IDF : Intensity-Duration-Frequency

IMD : Indian Meteorological Department
NCEP/NCAR : National Center for Environmental Prediction and

National Center for Atmospheric Research

Obs. : Observed

Dow. : Downscaled

Prnax 24hr : Annual maximum rainfall in 24 hours

Prax.d : Annual maximum rainfall in duration d

Prmax daily : Annual maximum daily rainfall

RCMs : Regional climate models

TDR : Temporal distribution of rainfall

o, B : Shape and scale parameters of Gamma distribution
Y : Gamma distribution
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