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ABSTRACT: In this paper, monthly, maximum seasonal, and maximum an-
nual hydrometeorological (i.e., evaporation, lake water levels, and rainfall) data
series from the Kariba catchment area of the Zambezi River basin, Zimbabwe,
have been analyzed in order to determine appropriate probability distribu-
tion models of the underlying climatology from which the data were
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generated. In total, 16 probability distributions were considered and the
Kolmogorov—Sminorv (KS), Anderson-Darling (AD), and chi-square (,\/2)
goodness-of-fit (GoF) tests were used to evaluate the best-fit probability dis-
tribution model for each hydrometeorological data series. A ranking metric that
uses the test statistic from the three GoF tests was formulated and used to select
the most appropriate probability distribution model capable of reproducing the
statistics of the hydrometeorological data series. Results showed that, for each
hydrometeorological data series, the best-fit probability distribution models
were different for the different time scales, corroborating those reported in the
literature. The evaporation data series was best fit by the Pearson system, the
Lake Kariba water levels series was best fit by the Weibull family of probability
distributions, and the rainfall series was best fit by the Weibull and the gener-
alized Pareto probability distributions. This contribution has potential ap-
plications in such areas as simulation of precipitation concentration and
distribution and water resources management, particularly in the Kariba
catchment area and the larger Zambezi River basin, which is characterized by
(i) nonuniform distribution of a network of hydrometeorological stations,
(ii) significant data gaps in the existing observations, and (iii) apparent inherent
impacts caused by climatic extreme events and their corresponding variability.

KEYWORDS: Africa; Hydrologic models; Climate variability

Management of scarce water resources is one of the current and perhaps future
critical issues facing African countries. This problem is exacerbated by the unequal
geographical distribution of natural resources; accessibility; and unsustainable
water usage, which characterizes water supplies from rivers, streams, ocean, lakes,
and rainfall. The African continent exhibits some of the driest deserts, largest
tropical rain forests and highest equatorial mountains in the world. However, most
of the key natural resources are unevenly distributed, including water resources.
Climate change has the potential to impose pressure on water availability and
accessibility. Climatic warming observed over the past decades is consistently
associated with changes in numerous components of the hydrological systems.
Such components include changing precipitation patterns, intensity and extremes,
widespread melting of snow and ice, increasing atmospheric water vapor, in-
creasing evaporation, and changes in soil moisture and surface runoff. Changes in
any of these hydroclimatic variables may alter regional hydrological cycle and
systems and subsequently impact the quantity and quality of regional water re-
sources as well as the spatial distribution of water on land.

According to Huang et al. (2013), precipitation is one of the most important
climate elements directly affecting the availability of water resources. For exam-
ple, in northwest China, the impact of climate change on water resources [in the
Tarim River basin (TRB)] was reported in Xu et al. (2004). The authors found that
precipitation and the streamflow from the headwater of the Tarim River exhibited a
5% level of significant increase. In addition, the authors reported a decreasing trend
in the streamflow of the mainstream of the river. In similar studies, Xu et al. (2006)
reported that an increasing trend in precipitation was the main reason for the
increase of runoff in the headwater catchment of the TRB during the last several
decades. Furthermore, Xu et al. (2010) used a Mann—Kendall test to detect the
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Table 1. Characteristics of the study variables.

Parameter Actual time scales Transformed time scale Period of series

Rainfall Monthly Monthly 1962-2011
Seasonal maxima
Annual maxima

Lake water level Daily Monthly 1960-2007
Seasonal maxima
Annual maxima

Evaporation Monthly Monthly 1962-2011
Seasonal maxima
Annual maxima

trends of major hydroclimatic variables in the TRB for the period of 1960-2007
and found that both mean annual air temperature and precipitation experienced an
increasing trend for the TRB for the past five decades. The authors further con-
cluded that the impact of precipitation on runoff generation was greater than that of
air temperature, while the impact of precipitation on actual evaporation amount
is less important than that of air temperature. By using correlation and spectral
analysis, Johnk et al. (2004 ) detected long-term variability in the time series of lake
levels and precipitation derived from two catchments in India. Studies reported in,
for example, Chen et al. (2007), Zhao et al. (2010), Kamruzzaman et al. (2013), and
Fathian et al. (2015) all demonstrate the effect of changes in climatic variables to
hydrology of lake basins.

Various regions of the African continent have suffered from climate (e.g.,
rainfall) variability on time scales of decades and centuries. Semiarid regions of the
Northern Hemisphere exhibit interannual rainfall fluctuations, indicative of a land—
atmosphere feedback mechanism (Nicholson 2000). Southern Africa experiences
dry or wet periods of varying lengths ranging from days to decades. Rainfall in
most of the countries of southern Africa shows a high degree of interannual and
intra-annual variability. Such fluctuations, which are also associated with floods
and droughts, often raise concern to many climate researchers. As a result, several
studies of rainfall variations have focused on spatial and temporal aspects of these
variations at different time scales. In southern Africa, most of precipitation occurs
during the period November—April with highest peaks during the period December—
March (Mulenga 1998); hence, most of the studies have used monthly or seasonal
data to investigate interannual variability of precipitation (see, e.g., Tyson 1984,
1986; Matarira and Jury 1992; Levy 1993; and references therein).

Extreme climatic conditions and high interannual or seasonal variability of
climatic parameters could adversely affect water resources and agricultural pro-
duction (Li et al. 2006). The pattern and amount of rainfall are considered the key
factors that affect water resources as well as agricultural productivity. Hydrome-
teorological data (e.g., long-term records of rainfall, evaporation, and lake levels;
see Table 1) often provide information about rainfall patterns and its variability
(Lazaro et al. 2001). Rainfall patterns are often inferred from computation of
probability distribution functions, with a normal distribution function being the
most commonly used in rainfall analysis. Despite the wide applicability of the
normal distributions there have been other instances though limited when observed
distributions from rainfall data analysis were found to be neither normal nor
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symmetrical. For example, Jackson (1977) reported that annual rainfall distribu-
tions are markedly skewed in semiarid areas, hence contradicting the assumption of
normal frequency distribution in such areas.

Rainfall extremes are often described by use of generalized extreme value
(GEV) fitted to a block of maxima or blocks of time windows like an annual
maxima time series. A number of research studies related to rainfall extremes
involving the GEV distribution have been reported in the literature. For example,
using GEV distribution, Mannshardt-Shamseldin et al. (2010) developed a family
of regression relationships between rain gauge and gridded precipitation data and
found that the return values computed from the rain gauge data are typically higher
than those computed from gridded precipitation data. Based on the results, the
authors concluded that from climate extreme models it is possible to project future
changes in precipitation extremes at the point-location level. Wang and Zhang
(2008) estimated GEV parameters using extreme daily precipitation data from
1949 to 1999 over North America and found that large-scale circulation exerts a
strong influence mostly on location parameters with little values. In a case study at
Debre Markos in the northwestern highlands of Ethiopia, Shang et al. (2011) used
the GEV modeling to assess the trends on the daily precipitation time series data. In
this study, the authors found no evidence to support long-term increasing trend in
extreme precipitation at the study location; hence, the null hypothesis that there is
no increasing trend in extreme precipitation at that location was accepted.

Generally, the African continent is projected to become warm during this cen-
tury with the anticipated warmth being larger than the global and annual-mean
warming throughout the continent and in all seasons, with drier subtropical regions
warming more than the moister tropics. Annual rainfall is anticipated to decrease in
much of Mediterranean Africa and the northern Sahara, with the possibility of a
decrease in rainfall increase as the Mediterranean coast is approached. In southern
Africa, rainfall is projected to decrease in much of the winter rainfall region and on
western margins. There is also a high possibility of an increase in annual-mean
rainfall in East Africa. Despite these projections, studies focusing on statistical
characterization of weather and climate events such as rainfall, precipitation,
evaporation, and lake levels particularly in southern Africa are very limited. Ex-
tremes of weather and climate events can have devastating effects on human so-
ciety and the environment. Proper assessment and understanding of past changes in
the characteristics of such events is crucial for accurate planning of infrastructure
and prevention measures. In addition, since lake levels respond to rainfall as well as
to human interference and consumption, it is essential to understand the link be-
tween the lakes and their respective catchments. In particular, the Kariba catch-
ment area is a significant hydrometeorological region encompassing Zimbabwe
and Zambia (see Figure 1) because it influences agricultural and livestock pro-
duction systems of the area as well as the general livelihoods of the populace.
Furthermore, the Kariba Dam is a major source of hydroelectricity. Just like the
other parts of southern Africa, the Kariba catchment area is projected to be highly
susceptible to climate change and variability. To further understand the extent of
climate change and variability and assess the vulnerability and adaptive capacity of
livelihoods in the Kariba catchment area, long-term hydrometeorological obser-
vations are a must. The Kariba catchment area has a highly sparse network
of hydrometeorological stations with intermittent observations. One way to
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Figure 1. Location of the Lake Kariba River basin.

circumvent the problem of inadequate data span and gaps is to use precipitation
generators (see, e.g., Li et al. 2011). One of the principles underpinning precipi-
tation generation is that precipitation amounts often follow certain probability
distribution (Li et al. 2013). Therefore, assessing the nature of probability distri-
bution model capable of reproducing statistical moments of hydrometeorological
observations could contribute toward long-term series of precipitation generation,
which is an important parameter in hydrological modeling, climate change, and
variability. The objective is to study climatic characteristics on hydrometeoro-
logical data across Lake Kariba by use of a suitable probability distribution
function. In sections 2 and 3, the study area and meteorological data used in this
study are described, respectively. Section 4 presents the methodology considered in
the present study while results and discussion are elucidated in section 5. Section 6
presents the conclusions of the study.

2. Study area

Lake Kariba is located approximately 365 km northwest of Harare in Zimbabwe.
Its surface area stretches from the confluence of the Deka and Zambezi Rivers in
the southwest, 277 km long and 40 km at its widest point (see Figure 1). The lake
has a catchment area of 663 848km? (18°04'S, 26°42'E) to the Kariba Gorge
(16°31’S, 28°45'E) in the northeast and extends over parts of Angola, Zambia,
Namibia, Botswana, and Zimbabwe. The lake is bordered by Zambia in the north
and Zimbabwe in the south and has generally a southwest—northeast orientation. It
forms part of the Zambezi basin, which has a vast catchment of 1 193 500 km” and
includes the states of Mozambique and Malawi. Lake Kariba regulates runoff from
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an upstream catchment area of 687535 km?, which is about 50% of the total
Zambezi catchment area. The climate of Kariba is typically tropical and semiarid,
with four distinct seasons in the Gwembe valley, where the lake is located. These
seasons are described as rainy (November—February), postrainy (March—-May), dry
and cool winter (June—July), and dry and hot (August—October). Air temperatures
are consistently high with a mean annual temperature ranging from 24.4° to 24.7°C.
Maximum monthly air temperatures occur during the dry and hot season, averaging
30.70°C, with those during the cold winter season averaging 21.71°C. Average
annual rainfall for the Lake Kariba catchment is about 1000 mm, producing a mean
annual discharge of 37249 Mm” (an average flow rate of 1181 m>s™"). The El
Nifio—Southern Oscillation and the intertropical convergence zone (ITCZ) are the
major factors that influence the unimodal rainfall in the Zambezi basin, which
occurs from November to March/April in response to the movements of the ITCZ.

Observed monthly, seasonal, and annual time series of precipitation, lake water
levels and evaporation, were used to estimate monotonic trends of these variables.
The variables were obtained from various sources, including the Zimbabwe Me-
teorological Services (ZMS) and Zambezi River Authority (ZRA). Monthly ob-
servations of the selected variables with continuous data series from 1962 to 2011
were selected in this study. The period of study on lake water level time series was
limited to 1960-2007, since level data after 2007 have not been released by related
water authorities. In this paper, extreme hydrometeorological data series were
considered. First, the annual maximum precipitation, lake levels, and evaporation
were derived from the monthly data series during 1960-2010. Second, the seasonal
maximum precipitation, lake levels, and evaporation were derived from the No-
vember, December, January, February, and March data subset. Deriving seasonal
maximum values from a 5-month dataset was motivated by presence of an intra-
annual pattern of precipitation characteristic of the study area.

The probability distributions, given in Table 2, were evaluated for the best-fit
probability distribution model suitable for hydrometeorology datasets {Y};—125..~
for the Kariba catchment area. In the research work reported in this contribution,
the parameters of the different distributions have been estimated by use of the
maximum-likelihood estimators (MLEs). For detailed discussion of MLEs, see
Hosking et al. (1985). Overall, the probability distribution model that best fits the
hydrometeorological data was accomplished based on the following:

1) For each hydrometeorological series, different probability distributions were
fitted and the MLE was used to estimate the corresponding parameters.

2) A goodness-of-fit (GoF) test (i.e., measure the compatibility of each
hydrometeorological data series with the theoretical probability distribu-
tion) was performed using the Kolmogorov—Sminorv (KS), Anderson—
Darling (AD), and chi-square (CS) GoF tests at a level of significance [see,
e.g., Ricci (2005) for details on the KS, AD, and CS]. In all the tests, the
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null hypothesis used was H, when the hydrometeorological dataset

follows a specified distribution and H; when the hydrometeorological

dataset does not follow a specified distribution. For each hydrometeoro-
logical data series, the best-fit probability distribution model was identified
based on the following algorithm:

(i) The different GoF test statistic was used to rank the probability
distributions considered. Here, the sum of the test statistic from the
three GoFs was computed for each probability distribution model. The
resulting sums of GoFs for each probability distribution model were
then sorted in ascending order. The highest ranked distribution
considered was one with the minimum sum of the test statistic. The
first three ranked probability distribution models were selected.

(i1)) To obtain a suitable probability distribution model for a particular
hydrometeorology dataset from the triad (the three best ranked
probability distribution models), the corresponding probability distri-
bution model parameters are used to generate surrogate data series
{G}i=123, . .~ The residuals {R};— > 3 computed from

R; = (1

(Y - Gy
i=1

are assessed. A distribution with min{R} is considered to be the best-fit
probability distribution model for the hydrometeorology series.

5.1. Temporal variability of Kariba catchment hydrometeorological
data

The hydrometeorological maxima datasets (i.e., rainfall, evaporation, and Lake
Kariba water levels) used in this study were classified into (i) annual, (ii) seasonal,
and (iii) monthly data series. Statistical moments characterizing each of the
datasets are presented in Table 3. Monthly rainfall time series has the highest
variation (i.e., largest standard deviation) with the lowest mean value and highest
positive skewness demonstrating that the monthly time series is substantially
asymmetrical with a long tail to the right. The skewness of the rainfall time series
decreases from fine temporal scales to coarse temporal scales. Therefore, the in-
herent asymmetry of the rainfall distribution in the Kariba catchment is dependent
on the observational time scales. The largest kurtosis value in monthly rainfall time
series is an indicative of high probability of extreme rainfall values in the monthly
datasets. The observed kurtosis in the rainfall series decreases with decreasing
temporal resolution. At all time scales, the Kariba catchment rainfall series exhibit
nonsignificant negative trend. Further, the annual precipitation concentration index
(PCI) described in, for example, De Luis et al. (2011) and Valli et al. (2013) is also
used to characterize the heterogeneity in monthly rainfall over the Kariba catch-
ment area. From our analysis, 22% of the monthly rainfall series had irregular
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Table 3. Summary of the statistics of Kariba catchment hydrometeorological data:
N(0) is insignificant negative trend; N(1) is significant negative trend; P(0) is in-
significant positive trend; and P(1) is significant positive trend.

Statistical parameters

Trend
Dataset Min/max Mean Std dev Skewness Kurtosis (significance test)
Rainfall (mm) Annual 84/451 24393  76.09 0.17 0.06 N(0)
Seasonal 71/451 242.62 71.73 0.24 0.60 N(0)
Monthly 0/451 61.11 86.12 1.52 1.62 N(0)
Evaporation (mm) Annual 171/254 205.35 17.12 0.44 1.04 P(0)
Seasonal 139/254 191.30  24.11 0.08 0.91 P(1)
Monthly 84/264 142,92  33.79 0.57 —0.23 P(0)
Lake levels (m) Annual  472.07/487.84 483.63 3.35 —-0.94 1.39 N(0)
Seasonal 463.58/487.42 482.23 4.19 —2.04 7.38 N(0)
Monthly 460.85/487.84 482.19 3.98 —1.85 6.68 N(1)

distribution (i.e., the PCI values range was 10-15) while 78% of the monthly
rainfall series exhibited strong irregularity (i.e., 16 < PCI < 20). Overall, monthly
rainfall series in the Kariba catchment area is highly varied.

The statistical moments in evaporation time series demonstrate a dependence of
the temporal resolution. Monthly/annual maxima evaporation time series exhibit
the highest/lowest standard deviation. Furthermore, the high positive skewness in
the observed monthly/annual maxima evaporation time series demonstrates a
significant asymmetry with a long tail to the right. The asymmetry in the maxi-
mum seasonal evaporation is not substantial. In general, based on the evaporation
time series considered in this study, it is unclear whether the asymmetry is time
scale dependent. For kurtosis, annual maximum and seasonal maximum evapo-
ration time series exhibit high positive values, suggesting that the evaporation time
series exhibit leptokurtic properties at these time scales. As a result, the presence
of extreme values in annual and seasonal maximum evaporation time series is
highly probable. On the other hand, monthly evaporation time series exhibit
negative kurtosis, signifying that the evaporation time series is relatively flat
compared to a normal distribution. In addition, the evaporation time series exhibits
positive trends that were insignificant except for the seasonal maximum evapo-
ration time series.

The temporal variability of lake water level time series in the Kariba catchment
is not highly pronounced based on the first and second moments given in Table 3.
The lake water level time series exhibit negative skewness at all the time scales of
the series considered in the present analysis. The negative skewness in lake water
levels imply a substantial asymmetry with a long tail to the left (or the mean and
median are less than the mode), indicating that extreme values lie toward the
negative end of the distribution (small lake water levels records). The monthly lake
water levels exhibit high positive kurtosis suggesting that the series is leptokurtic.
Overall, the fourth statistical moment of lake water level time series is dependent
on the time scale of observation with the probability of extreme values being
present decreasing with a decrease in the time scales. The lake water levels have
inherent nonsignificant negative trends at annual and seasonal time scales with a
negative significant trend in the monthly series.
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Table 4. Goodness-of-fit results for the annual maximum evaporation data. The top
reranked distributions are in bold.

Kolmogorov—
Smirnov

Anderson—

Darling Chi squared Sum of the Weighted

No. Distribution Statistic Rank Statistic Rank Statistic Rank 3 ranks sum  Reranked
1 Chi squared 0.11 13 0.87 12 3.14 13 38 84.44 13
2 Chi squared (2P) 0.08 9 0.38 9 245 12 30 66.67 11
3 Gamma 0.08 10 0.38 8 0.67 1 19 42.22 7
4 Gamma (3P) 0.07 6 0.38 6 2.20 4 16 35.56 5
5 GEV 0.08 8 0.43 10 2.17 3 21 46.67 8
6 Generalized Pareto  0.11 14 12.18 15 N/A N/A 29 96.67 15
7 Log gamma 0.08 7 0.37 5 2.22 11 23 51.11 9
8 Lognormal 0.07 3 0.36 1 2.21 9 13 28.89 3
9 Lognormal (3P) 0.07 4 0.37 4 2.20 6 14 31.11 4

10 Pearson 5 0.07 1 0.37 2 2.20 8 11 24.44 1
11 Pearson 5 (3P) 0.07 5 0.38 7 2.20 5 17 37.78 6
12 Pearson 6 0.18 15 2.20 14 12.59 14 43 95.56 14
13 Pearson 6 (4P) 0.07 2 0.37 3 2.20 7 12 26.67 2
14  Weibull 0.10 12 1.00 13 1.63 2 27 60.00 10
15 Weibull (3) 0.08 11 0.50 11 2.21 10 32 71.11 12

5.2. Assessment of the probability distribution and goodness of fit

5.2.1. Probability distribution and goodness-of-fit models for annual
maxima hydrometeorological data

In this study, 16 probability distribution functions were fitted to annual maxi-
mum evaporation, lake water levels and rainfall time series over the Kariba
catchment. Tables 4—6 list the summary of the distribution parameters, the statistic
for the GoF tests [based on the Kolmogorov—Sminorv, Anderson—Darling, and chi-
square ( Xz) tests], the ranking of the distribution based on individual GoF tests, and

Table 5. Goodness-of-fit results for the annual maximum lake levels data, where the
top reranked distributions are in bold. (NaN: not a number.)

Kolmogorov—  Anderson—
Smirnov Darling Chi squared .0 of the Wei ghted
No. Distribution Statistic Rank Statistic Rank Statistic Rank 3 ranks sum Reranked
1 Chi squared 043 11 13.85 11 143.29 10 32.00 71.11 12
2 Chi squared (2P) 0.19 10 309 9 8.16 9 28.00 62.22 11
3 Gamma 0.12 4 092 3 391 4 11.00 24.44 3
4 Gamma (3P) 0.12 7 096 6.00 452  6.00 19.00 42.22 6
5 GEV 0.08 1 058 1 089 1 3.00 6.67 1
6 Generalized Pareto  0.09 3.00 430 10.00 NaN NaN 13.00 43.33 7
7 Log gamma 0.12 5 092 4 390 3 12.00 26.67 4
8 Lognormal 0.12 6 093 5 394 5 16.00 35.56 5
9 Lognormal (3P) 0.12 8 097 17 546 8 23.00 51.11 8
10 Pearson 5 1.00 14 NaN NaN NaN NaN NaN NaN NaN
11 Pearson 5 (3P) 0.12 9 1.01 8 545 17 24.00 53.33 9
12 Pearson 6 048 12 15.63 12 29996 11 35.00 77.78 13
13 Pearson 6 (4P) 0.50 13 1835 13 N/A  N/A 26.00 57.78 10
14 Weibull 0.09 2 0.66 2 1.66 2 6.00 13.33 2
15 Weibull (3) NaN NaN NaN NaN NaN NaN NaN NaN
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Table 6. Goodness-of-fit results for annual maximum rainfall data. The top reranked
distributions are in bold.

Kolmogorov—  Anderson—
Smirnov Darling Chi squared Sum of the Weighted
No. Distribution Statistic Rank Statistic Rank Statistic Rank 3 ranks sum  Reranked
1 Chi squared 0.300 15 50513 15 38457 14 44 97.78 15
2 Chi squared 2P) 0.067 2 0.184 1 1.329 8 11 24.44 3
3 Gamma 0.099 9 0.440 9 1.206 7 25 55.56 9
4 Gamma (3P) 0.076 5 0.226 6 1435 10 21 46.67 8
5 GEV 0.065 1 0.206 3 0.773 4 8 17.78 2
6 Generalized Pareto  0.102 10 7.948 14 N/A  N/A 24 80.00 12
7 Log gamma 0.134 13 0.799 12 2071 12 37 82.22 13
8 Lognormal 0.125 12 0.673 11 2.032 11 34 75.56 11
9 Lognormal (3P) 0.071 3 0.207 4 1.401 9 16 35.56 5
10 Pearson 5 0.150 14 1.050 13 7726 13 40 88.89 14
11 Pearson 5 (3P) 0.082 6 0.254 7 0.803 5 18 40.00 6
12 Pearson 6 0.103 11 0.452 10 1.205 6 27 60.00 10
13 Pearson 6 (4P) 0.089 8 0.304 8 0.500 3 19 42.22 7
14  Weibull 0.082 7 0.222 5 0.361 2 14 31.11 4
15 Weibull (3) 0.075 4 0.201 2 0.220 1 7 15.56 1

the reranking based on the minimum deviation between the actual and randomly
generated series of each of the three probability distributions for each hydrome-
teorology data.

For annual maximum evaporation time series, the probability distributions that
had a better capability to reproduce the empirical cumulatlve distribution (i.e.,
those ranked first by individual GoF tests) were gamma using x~, lognormal using
AD, and Pearson 5 using the KS GoF tests. On the other hand, the GEV was ranked
first by all the three GoF tests on the annual maximum lake water level time series.
For annual rainfall maximum time series, the two-parameter x> (using AD test)
distribution, the GEV (usmg the KS test), and the three-parameter Weibull dis-
tribution (using the y? test) were the most probable distributions functions that
could reproduce the annual rainfall empirical cumulative distribution.

5.2.2. Probability distribution and goodness-of-fit seasonal
hydrometeorological data

The seasonal maxima evaporation, lake water level, and rainfall time series were
fitted with 16 probablhty distributions functions, ranked individually across
the KS, AD, and x* GoF tests as well as by use of the minimum deviation between
the actual observations and the proxy series generated from the selected distribu-
tion parameters. Tables 7-9 provide a summary of the test statistic, the rank, and
reranking results Table 7 illustrates that the seasonal time series of evaporation is
best fit by the x* and the four-parameter Pearson 6 distribution based on the KS and
AD GoF tests. As depicted in Table 8, the GEV distribution is considered to be a
best-fit model to the seasonal maximum lake water level series based on the KS and
AD GoF tests while the Weibull dlstrlbutlon could produce a better emplrlcal
cumulative distribution according to the X GoF test. The GoF tests depicted in
Table 9 demonstrate that the seasonal maximum rainfall time series could be better
fit by the two-parameter x> distribution according to KS and AD GoF tests.
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Table 7. Goodness-of-fit results for seasonal evaporation data. The top reranked
distributions are in bold.

Kolmogorov—  Anderson—
Smirnov Darling Chi squared Sum of the Weighted
No. Distribution Statistic Rank Statistic Rank Statistic Rank 3 ranks sum  Reranked
1 Chi squared 0.08 1 1.09 12 1.67 1 14 31.11 2
2 Chi squared (2P) 0.12 10 0.84 4 5.16 6 20 44.44 11
3 Gamma 0.12 7 0.86 6 5.16 5 18 40.00 6
4 Gamma (3P) 0.12 8 0.84 3 5.18 8 19 42.22 8
5 GEV 0.11 4 0.90 7 3.03 3 14 31.11 2
6 Generalized Pareto  0.16 14 16.23 15 29 96.67 15
7 Log gamma 0.13 12 1.02 11 6.72 12 35 77.78 12
8 Lognormal 0.13 11 0.96 9 6.67 11 31 68.89 10
9 Lognormal (3P) 0.11 5 0.78 2 5.88 9 16 35.56 5
10 Pearson 5 0.13 13 1.10 13 6.76 13 39 86.67 13
11 Pearson 5 (3P) 0.12 6 0.84 5 5.17 7 18 40.00 6
12 Pearson 6 0.22 15 3.79 14 16.32 14 43 95.56 14
13 Pearson 6 (4P) 0.11 3 0.76 1 3.18 4 8 17.78 1
14  Weibull 0.11 2 0.98 10 2.32 2 14 31.11 2
15 Weibull (3) 0.12 9 0.91 8 6.06 10 27 60.00 10

Overall, using the reranking procedure described in section 4, the distribution
pattern of the maximum seasonal evaporation, lake water levels, and rainfall time
series over the Kariba catchment area can be characterized by four-parameter
Pearson 6, the GEV, and the two-parameter ) distribution, respectively.

5.2.3. Probability distribution and goodness-of-fit exireme monthly
hydrometeorological data

Tables 10—12 have a summary of the fitted probability distribution statistic and
the ranking based on the KS, AD, and y? GoF tests. In particular, given in Table 10

Table 8. Goodness-of-fit results for seasonal lake levels data, where the top
reranked distributions are in bold. (NaN: not a number.)

Kolmogorov—  Anderson—
Smirnov Darling Chi squared Sum of the Weighted
No. Distribution Statistic Rank Statistic Rank Statistic Rank 3 ranks sum Reranked
1 Chi squared 042 11.00 13.64 10.00 44.37 10.00 31 68.89 13
2 Chi squared (2P) 0.23 10.00 443 9.00 1549 9.00 28 62.22 12
3 Gamma 0.15 500 136 4.00 3.58 7.00 16 35.56 4
4 Gamma (3P) 0.15 8.00 1.52  7.00 3.57 5.00 20 44.44 8
5 GEV 0.08 1.00 039 1.00 346 2.00 4 8.89 1
6 Generalized Pareto  0.13 3.00 15.16 11.00 NaN NaN 14 46.67 9
7 Log gamma 0.15 6.00 140 6.00 3.57 6.00 18 40.00 5
8 Lognormal 0.15 7.00 1.37  5.00 3.58 8.00 20 44.44 6
9 Lognormal (3P) 0.14 400 129 3.00 3.56 4.00 11 24.44 3
10 Pearson 5 1.00 14.00 NaN NaN NaN NaN 14 46.67 9
11 Pearson 5 (3P) 0.16 9.00 1.63  8.00 3.55  3.00 20 44.44 7
12 Pearson 6 0.47 1200 15.66 12.00 115.33 11.00 35 717.78 14
13 Pearson 6 (4P) 0.57 13.00 1835 13.00 — — 26 57.78 11
14  Weibull 0.12 2.00 1.05 2.00 317 1.00 5 11.11 2
15 Weibull (3) NaN NaN NaN NaN NaN NaN NaN NaN 15
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Table 9. Goodness-of-fit results for seasonal rainfall data. The top reranked
distributions are in bold.

Kolmogorov— Anderson—
Smirnov Darling Chi squared Sum of the Weighted
No. Distribution Statistic Rank Statistic Rank Statistic Rank 3 ranks sum  Reranked
1 Chi squared 0.2845 15 42.164 15 49.24 14 44 97.78 15
2 Chi squared 2P) 0.05717 1 0.1551 1 1.264 1 3 6.67 1
3 Gamma 0.08472 9 030219 9 39022 9 27 60.00 9
4 Gamma (3P) 0.06386 5 0.16411 3 13348 4 12 26.67 3
5 GEV 0.06688 7  0.1996 6 1.285 2 15 33.33 4
6 Generatized Pareto 0.10977 13 8.0943 14 N/A N/A 27 90.00 14
7 Log gamma 0.10585 12 0.72739 12 52986 12 36 80.00 12
8 Lognormal 0.09955 11 0.5995 11 5.1878 11 33 73.33 11
9 Lognormal (3P) 0.0598 2 015818 2 13244 3 7 15.56 2
10 Pearson 5 0.11702 14 1.0845 13 99463 13 40 88.89 13
11 Pearson 5 (3P) 0.06554 6 0.17109 4 1.3528 5 15 33.33 4
12 Pearson 6 0.08834 10 0.32813 10 3.9275 10 30 66.67 10
13 Pearson 6 (4P) 0.0632 4 017179 5 1.3565 6 15 33.33 4
14 Weibull 0.06031 3 025913 8 1.5198 8 19 42.22 7
15 Weibull (3) 0.06934 8 021533 7 1.4076 7 22 48.89 8

are the ranked GoF tests for the monthly evaporation time series. The KS and AD
GoF tests rank Weibull as the most suitable distribution capable of reproducing the
empirical cumulative distribution intrinsic in the evaporation monthly time series.
Along with the overall reranking, the three-parameter gamma distribution is de-
termined as a candidate for best fit to the monthly evaporation time series by using
the x” statistic. As for the monthly lake water levels time series, the GEV distri-
bution is reranked first along with the individual KS and AD GoF tests. However,
according to the y* GoF test, the Weibull distribution is determined to be a better fit
to the monthly the Lake levels series. Based on the KS, AD, and X2 GoF tests, the
generalized Pareto distribution is determined to be capable to reproduce the

Table 10. Goodness-of-fit results for long-term evaporation data. The top reranked
distributions are in bold. (NaN: not a nhumber.)

Kolmogorov—  Anderson—
Smirnov Darling Chi squared .1 of the Weighted
No. Distribution Statistic Rank Statistic Rank Statistic Rank 3 ranks sum  Reranked
1 Chi squared 0.22 15.00 147.53 15.00 521.48 14.00 44 97.78 15
2 Chi squared 0.07 13.00 442 12.00 2528 12.00 37 82.22 13
3 Chi squared (2P) 0.06 12.00 2.33 11.00 13.15 2.00 25 55.56 9
4 Gamma 0.05 3.00 1.15 2.00 14.87 3.00 8 17.78 2
5 Gamma (3P) 0.04 2.00 144 3.00 10.65 1.00 6 13.33 1
6 GEV 0.05 6.00 8098 14.00 NaN NaN 20 66.67 12
7 Generalized Pareto  0.05 4.00 1.76  8.00 20.25 11.00 23 51.11 8
8 Log gamma 0.05 10.00 1.96 9.00 17.52 9.00 28 62.22 10
9 Lognormal 0.05 7.00 155 4.00 16.16 5.00 16 35.56 4
10 Lognormal (3P) 0.05 5.00 1.71 7.00 16.58 6.00 18 40.00 5
11 Pearson 5 0.05 8.00 1.70 6.00 16.92 7.00 21 46.67 7
12 Pearson 5 (3P) 0.05 11.00 1.98 10.00 17.40 8.00 29 64.44 11
13 Pearson 6 0.05 9.00 1.65 5.00 1591 4.00 18 40.00 5
14 Pearson 6 (4P) 0.10 14.00 12.22 13.00 64.31 13.00 40 88.89 14
15 Weibull 0.04 1.00 0.78 1.00 20.06 10.00 12 26.67 3
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Table 11. Goodness-of-fit results for long-term lake levels data. The top reranked
distributions are in bold. (NaN: not a nhumber.)

Kolmogorov—  Anderson—
Smirnov Darling Chi squared Sum of the Weighted
No. Distribution Statistic Rank Statistic Rank Statistic Rank 3 ranks sum  Reranked
1 Chi squared 042 12.00 164.31 11.00 2518.40 11.00 34 75.56 13
2 Chi squared (2P) 0.21 11.00 55.08 10.00 294.68 10.00 31 68.89 12
3 Gamma 0.09 3.00 10.17 3.00 51.80 3.00 9 20.00 3
4 Gamma (3P) 0.09 6.00 12.19 7.00 57.30 7.00 20 44.44 8
5 GEV 0.05 1.00 1.71 1.00 42.70 2.00 4 8.89 1
6 Generalized Pareto  0.10 9.00 216.07 13.00 NaN NaN 22 48.89 9
7 Log gamma 0.09 5.00 1050 500 5429 5.00 15 33.33 6
8 Lognormal 0.09 400 1045 4.00 5285 4.00 12 26.67 4
9 Lognormal (3P) 0.09 7.00 11.15 6.00 56.45 6.00 19 42.22 7
10 Pearson 5 1.00 14.00 NaN NaN NaN NaN 14 31.11 5
11 Pearson 5 (3P) 0.10 8.00 13.89 9.00 60.75 8.00 25 55.56 10
12 Pearson 6 0.47 13.00 188.42 12.00 5081.70 12.00 37 82.22 14
13 Pearson 6 (4P) 0.10 10.00 12.65 8.00 6496 9.00 27 60.00 11
14  Weibull 0.06 2.00 356 2.00 38.71 1.00 5 11.11 2
15 Weibull (3) NaN NaN NaN NaN NaN NaN NaN NaN NaN

empirical cumulative distribution inherent in the monthly rainfall totals over the
Kariba catchment area.

5.3. Appropriate probability distributions for evaporation, lake levels,
and rainfall

Section 5.2 presented a methodology to select a set of probability distributions
from a set of 16 probability distributions capable of reproducing key properties of
evaporation, Lake Kariba water levels, and a rainfall series in Kariba catchment. In
this section, we assess the most appropriate general (family) probability distribu-
tion capable of mimicking the statistical moment for each of the data series. The
performance of each of the selected family of probability distribution models is
assessed through comparison of the regenerated statistical moments derived from
the randomly generated empirical data and the actual observations. For an evap-
oration maxima time series, the Pearson system of probability distributions (e.g.,
Pearson 5: two, three, and four parameters) is considered to be capable of re-
producing the inherent statistics. For rainfall maxima series, the appropriate
probability distributions are Weibull family as well as the GEV probability dis-
tribution. Additionally, the Weibull family of probability distributions was con-
sidered the most appropriate distribution capable of reproducing the statistical
moments of the Lake Kariba water levels.

One way to understand the fundamental underlying phenomena is to assess it by
a probability distribution model, which mimics the statistical moments of the
underlying process or phenomena. The practice of fitting probability distribution
models to hydrometeorological data has been reported in the literature. In all these
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Table 12. Goodness-of-fit results for long-term rainfall data. (NaN: not a number.)

Kolmogorov—  Anderson—
Smirnov Darling Chi squared Sum of the Weighted
No. Distribution Statistic Rank Statistic Rank Statistic Rank 3 ranks sum  Reranked
1 Chi squared 0.60 14.00 7620.40 14.00 2269.80 14.00 42 93.33 14
2 Chi squared (2P) 0.56 13.00 4662.00 13.00 2226.90 13.00 39 86.67 13
3 Gamma 0.37 3.00 93.02 3.00 567.56 3.00 9 20.00 3
4 Gamma (3P) 0.38 6.00 302.82 8.00 885.61 4.00 18 40.00 5
5 GEV 0.23 2.00 44.67 2.00 223.30 2.00 6 13.33 2
6 Generalized Pareto 0.21 1.00 3596 1.00 152.11 1.00 3 6.67 1
7 Log gamma 0.40 9.00 31590 10.00 993.12 9.00 28 62.22 9
8 Lognormal 0.40 10.00 31590 11.00 993.13 10.00 31 68.89 12
9 Lognormal (3P) 0.40 11.00 286.96 5.00 1059.30 11.00 27 60.00 8
10 Pearson 5 0.40 12.00 286.96 6.00 1059.30 12.00 30 66.67 11
11 Pearson 5 (3P) 0.38 5.00 302.81 7.00 88595 6.00 18 40.00 5
12 Pearson 6 0.38 7.00 302.84 9.00 885.74 5.00 21 46.67 7
13 Pearson 6 (4P) 0.37 4.00 112.70 4.00 906.87 7.00 15 33.33 4
14 Weibull 0.39 8.00 32291 12.00 913.65 8.00 28 62.22 9
15 Weibull (3) NaN NaN NaN NaN NaN NaN NaN NaN NaN

studies, different probability distributions models were found to be best fit to, for
example, rainfall series at specific watershed, catchment, or even point observa-
tions (Chapman 1997; Wan et al. 2005; Li et al. 2013). It is therefore apparent that
finding a suitable probability distribution model for a hydrometeorological data
series is 1) location dependent and 2) highly dependent on temporal scales. In this
paper, monthly, maximum seasonal, and annual hydrometeorological (i.e., evap-
oration, lake water levels, and rainfall) data series from the Kariba catchment area,
Zimbabwe, have been analyzed in order to determine appropriate probability
distribution models of the underlying climatology from which the data were
generated. In particular, 16 probability distributions generally composed of the
Weibull family, the Pearson, and the Johnson systems of probability distributions
were considered in the analysis. The KS, AD, and X2 GoF tests were used to
evaluate the best-fit probability distribution model for each hydrometeorological
data series. A ranking metric that uses the test statistic from the three GoF tests was
formulated and used to select the most appropriate probability distribution model
capable of reproducing the statistics of the hydrometeorological data series. The
ranking metric considered in the present analysis ensured that the different GoF
tests, which ranked the probability distribution models differently, were normal-
ized. Results show that, for each hydrometeorological data series, the best-fit
probability distribution models were different for the different time scales (i.e.,
monthly, seasonal, and monthly). Our results corroborate those reported in the
literature (see Li et al. 2013, and references therein). The evaporation data series
was best fit by the Pearson system, the Lake Kariba water levels series was best fit
by the Weibull family of probability distributions, and the rainfall series was best fit
by the Weibull and the generalized Pareto probability distributions. To the best
knowledge of the authors, this study is the first of its kind especially in southern
Africa and therefore could contribute toward understanding the underlying pro-
cesses driving changes in the hydroclimatic variables. Furthermore, the work
presented in this paper has potential applications in such areas as simulation of
precipitation concentration and distribution (as in weather generators) and water
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resources management particularly in the Kariba catchment area and the larger
Zambezi River basin as a result of (i) nonuniform distribution of a network of
hydrometeorological stations; (ii) significant data gaps in the existing observations;
and (iii) inherent impacts extreme events, climate change, and variability.
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