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Abstract — The choice of optimum probability distribution 

model that would accurately simulate flood discharges at a 

particular location or region has remained a challenging 

problem to water resources engineers. In practice, several 

probability distributions are evaluated, and the optimum 

distribution is then used to establish the quantile - probability 

relationship for planning, design and management of water 

resources systems, risk assessment in flood plains and flood 

insurance. This paper presents the evaluation of five 

probability distributions models: Gumbel (EV1), 2-parameter 

lognormal (LN2), log pearson type III (LP3), Pearson type 

III(PR3), and Generalised Extreme Value (GEV) using the 

method of moments (MoM) for parameter estimation and 

annual maximum series of five hydrological stations in the 

lower Niger River Basin in Nigeria. The choice of optimum 

probability distribution model was made on five statistical 

goodness – of – fit measures; modified index of agreement 

(Dmod), relative root mean square error (RRMSE), Nash – 

Sutcliffe efficiency (NSE), Percent bias (PBIAS), ratio of 

RMSE and standard deviation of the measurement (RSR), and 

probability plot correlation coefficient (PPCC). The results 

show that GEV is the optimum distribution in 3 stations, and 

LP3 in 2 stations. On the overall GEV is the best – fit 

distribution, seconded by PR3 and thirdly, LP3. Furthermore, 

GEV simulated discharges were in closest agreement with the 

observed flood discharges. It is recommended that GEV, PR3 

and LP3 should be considered in the final selection of optimum 

probability distribution model in Nigeria.  

 

Index Terms — probability distribution model, optimum, 

floods, lower Niger River basin, goodness – of – fits.  

 

I. INTRODUCTION1 

Devastating Floods with aftermath of undesirable 

economic, environmental, and social consequences have 

become prevalent across the world. Flood disasters account 

for about 43% of all the natural disasters, with 3000 

disasters, which resulted in 160,000 deaths globally in the 

last 3 decades. Also, losses amounting to more than US250 

billion have had to be borne by societies all over the world 

to compensate for the consequences of floods according to 

UNISDR [1] and Kundzewicz [2]. Furthermore, it is 

estimated that about 800 million people worldwide (i.e., 

over 11% of the global populations are currently living in 

flood prone areas and about 70 million of those people (i.e 

10% of the global population are on the average, exposed to 

flood each year UNISDR [1]. Similarly, Panda [3] reported 

that the proportion of the world’s population living in flood 

– prone river basins has increased by 114%, while those 

living on cyclone – exposed coastlines have grown by 
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192% since the 1980s and flooding is the most frequent and 

greatest hazard for the 633 largest cities or urban 

agglomerations. The probability of occurrence that such 

floods occur is an essential input for planning, design, and 

operation of hydraulic structures and also for estimating the 

risks involved for the preservation of human life and 

property according to Smithers [4]. These probabilities of 

occurrences are estimated with the aid of flood frequency 

analysis according to Strupczewski [5] and He [6].  

There are two main data types used for flood frequency 

analysis: annual maximum series (AMS) and partial – 

duration series, sometimes called the peaks –over threshold 

(POT) series. In the AMS, the largest flood event of each 

year is selected. The partial duration series consists of all 

the independent events above a given base value. The POT 

is used when more than one damaging flood event per year 

is possible. In this study, the AMS is adopted because, it is 

consistent with the occurrence of floods in the lower Niger 

River Basin, wherein, one damaging flood event occurs 

every year, EM 1110-2- 1450 [7], pp 2, Khaliq et al. [8] and 

WMO: No.718 [9]. The Nigerian Inland Waterway 

Authority (NIWA) had performed in-house preliminary data 

screening using Spearman test for Independence, Man-

Kendal test for trend, the run-test for general randomness 

and Mann-Whitney Spilt-test for homogeneity. The result 

from statistical test conducted at 5% level of significance 

reveal that the AMS satisfies these assumptions, therefore 

considered suitable for flood frequency analysis. 

The selection of appropriate distribution and parameter 

estimation is a critical component of flood frequency 

analysis because a wrong choice of probability model could 

lead to significant error and bias in flood quantile 

estimation, particularly at lower exceedance probabilities, 

leading to either under or over design, which is detrimental 

to project economy and engineering practice Rahman et al. 

[10]. Cunnane [11] reported the state-of-the-art review of 

current practice with regard to use of distribution types for 

frequency analyses on extremes of precipitation and floods. 

The Review reported six most frequently used distribution 

type for flood frequency analysis in the following order of 

popularity: EV1, LP3, LN2, P3, GEV and Gamma. 

Furthermore, Cunnane [11] revealed that EV1, LN2, PR3, 

and LP3 are most globally used distributions while one 

country used the GEV distribution in spite of its recent 

popularity. The search for optimum probability distribution 

among the numerous candidate distributions has generated 

growing research interest in engineering hydrology. 

Consequently, each country or agency need to establish the 

best-fit distribution(s) particular to its geographic setting 

and the prevalent stochastic processes. [10] studied the 

selection of probability distribution for at-site flood 

frequency analysis in Australia and identified LP3, GEV 

and generalized pareto-distribution (GPO) as the top three 
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best-fit distributions. Onoz and Bayazit [12] evaluated 

various statistical distributions for determination of best-fit 

probability distribution from 19 stations all over the world 

and found GEV distribution superior to other six 

distributions examined. Vogel and Wilson [13] studied the 

probability distribution of annual maximum, mean, and 

minimum stream flows in the United States. They found 

GEV, three parameters lognormal (LN3) and LP3 

distributions good approximations to the distribution of 

annual maximum series. FLOODFREQ cost Action [14] 

undertook a pan-European comparison and evaluation of 

methods of flood frequency estimation and found no 

standardized European flood frequency estimation 

approach. The study further observed that in a number of 

countries (i.e., Australia, Germany, Italy and Spain), GEV 

distribution is among the recommended choices, and a 

variety of 2- or 3- parameter distributions. Abida and 

Ellouze [15] studied regional flood frequency distributions 

for different zones in Tunisia and found the GEV and GLO 

superior to the other candidate distributions. 

Similarly, some of the Flood Frequency studies in 

Nigeria includes are Ehiorobo and Akpejiori [16], Izinyon 

and Ajumuka [17], Ibrahim et al. [18] and Mamman et al. 

[19]. They found LN2, LP3 and EV1 the best-fit 

distributions. To the best of author’s knowledge, no 

systematic study has been conducted on probabilistic 

modelling of flood flow for River Niger at Baro, Idah, 

Lokoja, Onitsha and Asamabiri hydrological stations. 

Some of the well – known parameter estimation methods 

in civil engineering practice for probability distribution 

functions are (i) Methods of Moments (MoM), (ii) The 

Maximum Likelihood Method (MLM) and (iii) Probability 

Weighted Moments Method (PWM) see, Rao and Hamed, 

[20] and VAN GELDER [21]. In this study, MoM is used 

because of the simplicity and being relatively easy to apply 

by equating the sample moments with the moments of the 

population distribution functions. For example, the LP3 

distribution has three parameters: location parameter, shape 

parameter and a scale parameter. These three parameters are 

estimated with three indices computed with the sample 

moments; the sample mean, standard deviation and skew 

coefficient. In this way the behaviour of the LP3 population 

parameters may be inferred from the sample data. 

The selection of candidate distribution is most commonly 

based on assessment goodness – of- fit measures using 

graphical assessments, statistical goodness –of – fit tests, 

hypothesis-based goodness -of – fit tests and information –

based criteria. The commonly used statistical indices are (i) 

Relative Root Mean Square error (RRMSE) (ii) Nash – 

Sutcliffe efficiency (NSE) (iii) Percent bias (PBIAS) (vi) 

ratio of the root mean square error to the standard deviation 

of measured data, see Son et al. [22], Moriasi et al. [23] and 

AMEC Environmental and Infrastructure, [24]. In the 

hypothesis family are: i) Kolmogorov-Smirnov (KS) tests, 

ii) Anderson- Darling (AD) test, iii) Probability Plot 

Correlation and Coefficient (PPCC) tests, iv) Chi-squared 

test, and v) log-likelihood ratio (t-test and f-test). 

Information-based criteria including the Akaike Information 

criterion, Akaike Information Criterion-second order variant 

(AICc) and Bayesian Information Criterion (BIC). Each 

method has its strengths and weaknesses when applied to 

model selection. Karim and Chowdhury [25] compared four 

probability distributions used in four frequency analysis in 

Bangladesh using PPCC test, and selected GEV as the best 

distribution for Bangladesh. [12] applied Chi-squared, 

Kolmogrov – Smirnov (KS) test, probability plot correlation 

coefficient (PPCC) test, Anderson – Darling (AD) test and 

L-Moment diagram to select GEV as best – fit distribution.  

Amirataee and Montaseri, [26] evaluated the best 

regional distribution of monthly rainfall for Northwest Iran 

using L-Moment and PPCC method. The two methods 

selected PR3 as the best regional distribution of rainfall data 

and described PPCC method as powerful single-site test 

among many goodness-of-fit-test. Amirataee et al. [27] 

adopted PPCC and L-moment diagram for assessment of 

goodness of fit methods for determination of best regional 

probability distribution of rainfall data in Northwest Iran. 

Onoz and Byazit, [12] applied PPCC for selection of 

suitable distribution function of low flows in Turkey. Ahn 

et al. [28] compared PPCC test considering skewness of 

sample for the GEV Distribution and found PPCC 

goodness-of-fit better. Chen et al. [29] applied KS, AD, 

AIC, BIC and AICc goodness – of –fit tests in a 

comparative study on the selection criteria for fitting flood 

frequency distribution models with emphasis on upper - tail 

behavior. There is no established probability distribution 

model for accurate prediction of flood quantiles in Nigeria, 

while the country continues to suffer from devastating 

floods. For example, the 2012 “killer flood” caused 363 

fatalities, displaced 7.7 million people, and approximately 

600,000 houses were damaged. The “killer flood “amongst 

other consequences, worsened the existing housing deficit, 

thus placing huge pressure on all levels of governments to 

address the sharp increase in infrastructural demand, 

according to Bilau et al. [30]. The objective of this paper is 

to evaluate the performances of five commonly used 

probability distribution models to find the best – fit 

distribution(s) that would be adopted in practice to 

represents the statistical characteristics or model the 

observed flood data in the Lower Niger River Basin. The 

results of this study may be used in water resources 

management and design of infrastructure to control the 

devastating impacts of floods. 

 

II.  METHODOLOGY 

A. Probability Distribution Functions 

A total of five probability distributions are considered for 

the comparative evaluation study. Two of these are two – 

parameter distributions: EVI and LN2 and three-parameter 

distributions: LP3, PR3 and GEV. These distributions are 

the most frequently used or recommended frequency 

distribution types for extremes of both precipitation and 

floods, see Cunnane, [11] and Onoz and Bayazit, [12]. 

Table 1 shows the probability distribution models, sample 

parameters and quantile estimators of the selected 

distributions. 

B. Selection of Parameter Estimation Method 

The study is conducted using a combination of two-

parameter distributions (LN2 and EV1) and three – 

parameter distributions (PR3, LP3 and GEV). The PR3, 
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LP3 and GEV distribution have three parameters: location 

parameter (β), shape parameter (k) and Scale parameter (). 

The distribution parameters, β, k and  are computed from 

the sample moments: mean, standard deviation and skew 

coefficient, similarly with the two-parameter distribution. In 

this study the method of moments (MoM) is adopted. 

According to the MoM approach, the parameters of the 

population probability model are estimated by the MoM by 

equating the sample moments with the moments of 

population probability model. The ɤth moment of a 

probability distribution model f(Q), about the origin is 

given by Rao and Hamed [20] and Naghettini, [31]): 
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For correction of sample moments for bias, its 

conventional moment ratios are defined by Cunnane [11] 

and Rao and Hamed [20] as: 

i) Coefficient of Variation  

 

CV = 
½ 1

2 1       (5) 

 

ii) Coefficient of Skewness  
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3

2
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iii) Coefficient of Kurtosis  

 

CK = 
2

4 2       (7)  

C.  Goodness-of-fit-tests 

The goodness – of –fit measures are selected to give 

sound comparative evaluation study with quantities deemed 

relevant to objective estimates of the “closeness” of the 

simulated discharges to observed flood flow. A description 

of the selected Gof tests can be found in VAN GELDER 

[21], Son et al. [22], Moriasi et al. [23], Ahn et al. [28], 

Naghettini [31], Krause et al. [32], Willmot et al. [33], Tao 

et al. [34], Gupta et al. [35], IN-NA et al. [36], 

WMO168,[37], and Stedinger et al [38]. 

1. Nash-Sutcliffe efficiency (NSE) 
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2. RMSE – Observation Standard Deviation Ratio (RSR) 

RSR varies from optimal value of 0, to a large positive 

value. RSR is calculated as shown in (9):  
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3. Modified Index of Agreement (Dmod)  

The modified Index of Agreement (Dmod) is:  

( )

( )
,

, ,

1

, , ,

1

mod 1

obs

n

sim i obs i

i

n

sim i obs obs i

i

Q Q

D

Q Q Q Q

=

=

−

= −

− + −




  

 

0≤Dmod≤1.0     (10) 

 

where Qsim, is simulated discharges, Qobs, is observed 

discharge, and ,obs iQ  is mean value of observed discharges.  

4. Relative-Root-Mean-Square Error (RRMSE) 

The RRMS is calculated using (11):  
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5. Percent Bias (PBIAS) 

The optimal value of PBIAS is 0.0, with low-magnitude 

values indicating accurate model simulation. 
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6. Probability Plot Correlation Coefficient (PPCC) Test 

The PPCC statistic is calculated as: 
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The linear coefficient r, between the data ranked in 

ascending order and the theoretical quantiles, where 
1 (1 )m Q iq F P−= − , where P is empirical probability 

calculated using an appropriate unbiased plotting position 

formula.  
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TABLE 1: PROBABILITY MODELS, SAMPLE PARAMETERS AND MOMENTS 
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Where β, α, and k are the location, scale, and shape parameters of the distributions. 

 
The critical region for the null hypothesis Ho, at 

significance level , begins at rcrit, below which, if r < rcrit, 

Ho must be rejected in favour of H1. The unbiased plotting 

position formulas needed for computing the values of qm 

have the general formula, IN-NA [36]. 

 

Pi = 
1 2

i a

n a

−

+ −
     (14) 

 

where “a” varies from 0 to 0.5; Pi is the plotting probability 

and i is the rank in ordered observation with i = 1 for the 

smallest observation in data sample. In Equation 14; when a 

= 0.375; Blom formula was used for LN2 distribution, when 

a = 0.44, Gringorten formula was used for Gumbel (EVI) 

distribution; for a = 0.4, Cunnane formula, was used for 

LP3 and GEV distributions. The unbiased plotting formula 

for PR3 from WMO168,[37] and Stedinger, [38] was used. 

P = (i – 0.53 + 0.3Cs)/(N + 0.05 + 0.3Cs), where Cs is 

coefficient of skewness, N is sample size and i is rank with i 

= 1 indicating the smallest sample number.  

D. Estimation of Flood Quantiles 

The estimation of flood quantiles and related equations 

for various life expectancies of civil engineering systems 

can be found in the following texts, Rao and Hamed [20], 

Naghettini [31], Naghavi [39], Kite [40], Wilson and 

Hilferty [41], Abramowitz and Stegun, [42]. The 

exceedance probability is P(QT›Q) = 1/T. The cumulative 

probability of non – exceedance is F(QT) is given by: 

 

F(QT) = P(QT ‹ Q) =1-P(QT › Q) = (1-1/T)   (15) 

 

Equation 15 is the basis for estimating the magnitude of a 

flood, QT given its exceedance or non – exceedance 

probabilities. 

The quantile estimate for T years is calculated by 

substituting the value of F = (1-1/T) into the quantile 

functions in Table 1. 

E. Uncertainty Assessment. 

Uncertainty is approximated by the confidence interval of 

the estimated quantiles of the selected probability 

distributions at specified return periods. The confidence 

interval specify the probability that the quantiles estimates 

lie within the upper and lower confidence interval 

coefficients; KU
Tr,β and KL

Tr,β using the non – central t 

distribution. Confidence limits are computed as follows: 

 

UTr,β(Q) = Q + KU
Tr,β *σ     (16) 

 

LTr,β(Q) = Q + KL
Tr,β *σ     (17) 

 

where Q , and σ are the log base – 10 mean and standard 

deviation, UTr,β(Q) and LTr,β(Q) are the upper and lower 

limits respectively. More details may be found in Rao and 

hamed [20], p200.  

 

III. STUDY AREA AND DATA DESCRIPTION 

Annual maximum streamflow data of the five gauging 

stations were obtain from Nigeria Inland Waterways 

Authority (NIWA), Lokoja, Nigeria. The gauge stations are 
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situated on the River Niger in Nigeria. Table 2 shows the 

geographical and background information of the five 

hydrological stations. The AMS of the five hydrological 

stations have data length of 30 years were used. Table 2, 

contains the descriptive statistics of the flood data, showing 

the coefficient of variation (CV) ranging between 0.219 and 

0.321 except at Asamabiri with 0.151. Thus year-to-year 

variation of the AMS is moderately variable. The 

coefficient of skewness ranges between 0.162 and 0.480, all 

positive values, which implies non – normal probability 

distribution. Furthermore, the fundamental requirement for 

randomness, independence, homogeneity, and stationarity 

were tested using the non-parametric tests of turning point, 

Wald-Wolfswitz, Mann Witney and Spearman Rho, and no 

empirical evidence was found to rule out the assumptions.  

 

 
TABLE 2: CHARACTERISTICS OF SELECTED GAUGE STATIONS 

(1) (2) (3) (4) (5) (6) (7) (8) (9) 

S/N Stations Latitude Longitude Catchment Annual streamflow Coeff. of Variation Skewness 

  (N) (E) Km2 Max m3/s Min m3/s (CV) Cs 

1 Aboh 05o32’ 06o31’ 1,112,830 18671.38 850.42 0.151 0.480 

2 Baro 08o35’ 06o23’ 729,510 8852.21 103.45 0.321 0.162 
3 Idah 07o06’ 06o43’ 1,105,780 26,760.24 826.32 0.252 0.174 

4 Lokoja 07o49’ 06o44’ 750,790 28,360 248.75 0.219 0.337 

5 Onitsha 05o10’ 06o45’ 1.135,170 26,607.53 426.84 0.237 0.164 

 Extracted from Hydrological Year Book (1914 – 1989): National Inland Waterways Authority, Lokoja, Nigeria. 
 

 
Fig. 1. Hydrological stations (in red squares). (Adapted from Nigerian Hydrological Services Agency (NIHSA), 2014). 

 

IV. RESULTS AND DISCUSSIONS 

A. Quantile Estimates 

The derived quantile relations expressed in the form of 

QT – T equation are shown in Table 3. The predictive 

performances of the probability distribution models were 

evaluated using the following performance evaluation 

criteria stated in section C. These indices are recommended 

standardized guidelines for judging model performance and 

comparing various models as in ASCE [44] and Moriasi, 

[23]. Table 4 contains the computed numerical results of the 

statistical tests. A ranking scheme was devised to rank the 

distributions according to the optimal value of the statistical 

index. For example, the distribution with the lowest 

RRMSE, RSR or PBIAS of zero, Dmod and NSE of one is 

given a rank of 5. In case of a tie, equal ranks are given to 

the competing distributions Accordingly, for each index, the 

overall ranks associated with each distribution is computed 

by summing the individual ranks obtained for the 

hydrological stations. 

Columns 8 and 9 of Table 4 present the PPCC calculated 

test statistics and critical test statistics, at the 5% 

significance level across the study stations. The critical test 

statistics were obtained from various approximating 

equations, see Naghettini [31], pp. 299-300). Table 4 shows 

that the 2-parameter distributions; LN2 and EV1 performed 

better than their 3-parameter counterpart; LP3, PR3, GEV. 

The decision on the 3-parameter distributions is not 

compelling, as the PPCC calculated test statistics are very 

close to their critical values. Fig.2–6 show the graphical 

plots of observed and simulated discharges of Lokoja 

station. Figure 6 shows that GEV predictions best simulate 

the AMS. Similarly, Fig. 7–11 show the Q-Q plots between 

the AMS, arranged in ascending order and theoretical 

quantiles calculated using the MS Excel built-in-function: 

NORM.INV(qm, Q ,  ) where qm is probability calculated 

using the appropriate plotting position formulas, Q  and  , 

is mean and standard deviation respectively. Due to lack 

space, the plots for other study stations are not displayed. 

Table 6 shows the quantile estimates with 95% confidence 

interval and computed numerical values.  

Study Locations 

Stations 

Yola 

Onitsh

a 

Asamabiri 

Idah 
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TABLE 3: DISTRIBUTION PARAMETER AND QUANTILE RELATIONS 

Station 
 Distribution Parameters 

QT – T Models 
PDF   K (or ) 

Lokoja 

EV 1 

LN 2 
LP 3 

PR 3 

GEV 

146.77 

9.69 
9.749 

105.47 

15211.62 

3343.02 

0.26 
0.0899 

417.55 

4421.78 

– 

– 
8.806 

– 27431.25 

0.353 

QT = 14677.07 + 3343.02YT 

LnQT = 9.69 + 0.26ZT 

QT = 9.68 + 0.281KT 
QT = 16606 + 4288.15KT 

QT = 15211.62 + 12909.76 

0.353

1
1 ln





  =   
− −   

    

 

Bar 

EV 1 
LN 2 

LP 3 

PR 3 
GEV 

4343.91 
8.49 

2.64 

152.35 
4538.50 

1272.03 
0.32 

0.24 

132.18 
1674.12 

– 
– 

7.85 

– 15059.25 
0.3313 

QT = 84343.91 + 1272.05YT 

LnQT = 8.48 + 0.32KT 
QT = 8.47 + 0.383KT 

QT = 5058.03 + 1631.48 KT 

QT = 4538.50 + 5052.68 

0.331

1
1 ln





  =   
− −   

    

 

Idah 

EV 1 

LN 2 

LP 3 
PR 3 

GEV 

14480.30 

9.67 

6.31 
132.82 

14979.09 

3209.98 

0.25 

0.110 
357.23 

4231.93 

– 

– 

8.97 
– 31113.95 

0.335 

QT = 14480.30 + 3209.98YT 
LnQT = 9.67 + 0.25ZT 

QT = 9.67 + 0.28KT 

QT = 16332.85 + 4116.94 KT 

QT = 14979.09 + 12623.09 

0.335

1
1 ln





  =   
− −   

    

 

Onitsha 

EV 1 

LN 2 
LP 3 

PR 3 

GEV 

15077.08 

9.71 
41.87 

148.29 

15364.91 

3126.02 

0.24 
0.038 

329.24 

3883.13 

– 

– 
8.12 

– 31940.62 

0.227 

QT = 15077.08 + 3126.02YT 

LnQT = 9.71 + 0.24ZT 

QT = 9.71 + 0.25KT 
QT = 16.881.17 + 4009.25KT 

QT = 15364.91 + 17147.41

0.227

1
1 ln





  =   
− −   

    

  

Asamabiri 

EV 1 
LN 2 

LP 3 

PR 3 
GEV 

14347.69 
9.63 

3.70 

17.33 
14755.66 

1812.51 
0.15 

0.084 

558.46 
5584.09 

– 
– 

9.32 

5717.31 
0.444 

QT = 14347.69 + 1812.51YT 

LnQT = 9.63 + 0.15ZT 
QT = 9.63 + 0.16KT 

QT = 15393.73 + 2324.63KT 

QT = 14755.66 + 5584.09 

0.444

1
1 ln





  =   
− −   

    

 

 
TABLE 4: NUMERICAL RESULTS OF STATISTICAL TESTS  

Station PDF/PPF Dmod RRMSE NSE PBIAS RSR PPCC PPCCcrit 

 EV1 0.837 0.088 0.906 0.468 0.094 0.9218 0.9826 

 LN2 0.868 0.072 0.935 0.267 0.0653 0.9345 0.9965 

Lokoja LP3 0.824 0.097 0.872 0.887 0.129 0.9844 0.991 
 PR3 0.913 0.051 0.97 0.0648 0.0305 0.9738 0.988 

 GEV 0.938 0.0481 0.982 0.0905 0.0183 0.9295 0.9815 

 EV1 0.422 1.247 -5.22 36.61 6.22 0.9325 0.9995 
 LN2 0.877 0.167 0.933 0.637 0.067 0.9203 0.9901 

Baro LP3 0.915 0.093 0.975 -0.464 0.0252 0.9899 0.9865 

 PR3 0.927 0.062 0.982 -0.075 0.0178 0.99 0.978 
 GEV 0.939 0.06 0.9818 0.0168 0.0182 0.9245 0.9655 

 EV1 0.558 0.285 0.152 0.28 0.848 0.9552 0.9838 

 LN2 0.559 0.287 0.169 0.271 0.831 0.968 0.9839 
Idah LP3 0.555 0.301 0.198 -0.123 0.802 0.9845 0.9841 

 PR3 0.549 0.309 0.179 -0.055 0.821 0.9765 0.9839 
 GEV 0.55 0.308 0.153 0.0937 0.847 0.9675 0.99 

 EV1 0.639 0,183 0.467 0.307 0.533 0.9526 0.9924 

 LN2 0.639 0.186 0.464 0.252 0.537 0.9741 0.9925 
Onitsha LP3 0.643 0.191 0.47 0.211 0.53 0.9736 0.9937 

 PR3 0.635 0.199 0.462 0.0611 0.538 0.9748 0.9924 

 GEV 0.637 1.198 0.435 0.0188 0.566 0.972 0.9938 

 EV1 0.808 0,0699 0.858 0.178 0.142 0.9658 0.968 

 LN2 0.846 0.054 0.909 0.102 0.0907 0.9613 0.9678 

Asamabiri LP3 0.878 0.0407 0.939 -0.288 0.0614 0.9735 0.9636 
 PR3 0.859 0.0468 0.929 0.0352 0.0714 0.9672 0.9681 

 GEV 0.880 0.035 0.945 -0.0822 0.0547 0.9462 0.9786 
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TABLE 5: RANKING SCORES OF PROBABILITY DISTRIBUTION MODELS AND TOTAL SCORES 

Station PDF dmod RRMSE NSE PBIAS RSR Total Score PPCC 

 EV1 2 2 2 2 2 10 Reject 
 LN2 3 3 3 3 3 15 Reject 

Lokoja LP3 1 1 1 1 1 5 Ha 

 PR3 4 4 4 4 4 20 Ha 
 GEV 5 5 5 5 5 25 Reject 

 EV1 1 1 2 1 1 6 Reject 

 LN2 2 2 3 2 2 11 Reject 
Baro LP3 3 3 4 3 3 16 Ha 

 PR3 4 4 5 4 4 21 Ha 
 GEV 5 5 5 5 5 25 Reject 

 EV1 4 5 1 4 1 15 Reject 

 LN2 5 4 3 1 3 16 Reject 
Idah LP3 3 3 5 3 5 19 Ha 

 PR3 1 1 4 5 4 15 Ha 

 GEV 2 2 2 4 2 12 Reject 
 EV1 5 5 4 1 4 19 Reject 

 LN2 5 4 3 2 3 17 Ha 

Onitsha LP3 4 3 5 3 5 20 Ha 
 PR3 1 1 2 4 2 10 Ha 

 GEV 3 2 1 5 1 12 Reject 

 EV1 1 1 1 2 1 6 Ha 
 LN2 2 2 2 3 2 11 Ha 

Asamabiri LP3 2 2 4 1 4 17 Ha 

 PR3 3 3 3 4 3 16 Ha 
 GEV 5 5 5 5 5 25 Reject 

 
TABLE 6: QUANTILE ESTIMATES WITH 95% CONFIDENCE INTERVAL FOR NIGER RIVER BASIN  

   Non Exceedance Probability (F) and Return Period (T) 

Station Distribution Statistics 0.90 0.95 0.95 0.98 0.99 

   10.00 20.00 25.00 50.00 100.00 

Lokoja GEV Lower Limit 20470.47 21719.57 22073.27 23063.78 23928.89 

  Q. estimates 22155.20 23460.49 23811.60 24735.48 25456.57 

  Upper Limit 24068.15 25779.16 26273.84 27678.38 28924.45 
 PR3 Lower Limit 20736.90 22531.13 23068.81 24651.24 26133.46 

  Q. estimates 22183.88 23890.72 24395.10 25857.49 27195.93 

  Upper Limit 24427.88 26919.79 27685.58 29976.02 32158.66 
 LP3 Lower Limit 20994.30 23610.19 24455.81 27124.39 29887.53 

  Q. estimates 23261.70 26589.67 27693.20 31249.66 35034.77 

  Upper Limit 26730.77 31465.89 33083.12 38433.38 44334.99 

Baro GEV Lower Limit 6554.03 7037.39 7174.63 7559.89 7897.57 

  Q. estimates 7193.99 7702.66 7840.27 8204.27 8490.71 

  Upper Limit 7924.86 8587.44 8779.56 9326.43 9813.35 
 PR3 Lower Limit 6554.03 7037.39 7174.63 7559.89 7897.57 

  Q. estimates 7118.63 7664.87 7821.87 8266.19 8659.26 

  Upper Limit 7924.86 8587.44 8779.56 9326.43 9813.35 
 LP3 Lower Limit 6905.72 8376.74 8891.35 10644.89 12674.51 

  Q. estimates 7944.11 9903.46 10613.02 13107.37 16119.10 

  Upper Limit 9606.56 12576.41 13699.68 17818.15 23094.83 

Idah GEV Lower Limit 20052.22 21264.73 21608.68 22573.40 23417.92 
  Q. estimates 21666.51 22939.36 23283.03 24190.49 24902.60 

  Upper Limit 23509.64 25171.33 25652.65 27021.54 28238.85 

 PR3 Lower Limit 20052.22 21264.73 21608.68 22573.40 23417.92 
  Q. estimates 21526.75 22896.80 23290.19 24402.56 25385.37 

  Upper Limit 23509.64 25171.33 25652.65 27021.54 28238.85 

 LP3 Lower Limit 20761.14 23493.70 24388.24 27245.33 30255.63 
  Q. estimates 23000.69 26481.61 27651.84 31473.27 35618.53 

  Upper Limit 26430.05 31390.30 33110.35 38885.74 45394.56 

Onitsha GEV Lower Limit 20633.37 22021.14 22424.95 23583.36 24630.55 
  Q. estimates 23740.21 25291.18 25732.53 26956.84 27993.35 

  Upper Limit 24045.62 25960.19 26530.11 28189.62 29714.79 

 PR3 Lower Limit 20633.37 22021.14 22424.95 23583.36 24630.55 
  Q. estimates 22084.83 23658.97 24123.12 25466.34 26692.51 

  Upper Limit 24045.62 25960.19 26530.11 28189.62 29714.79 

 LP3 Lower Limit 20657.86 22236.28 22705.60 24075.48 25342.35 
  Q. estimates 22492.45 24298.68 24836.94 26406.81 27852.95 

  Upper Limit 25483.90 28189.58 29025.67 31541.56 33961.47 

Asamabiri GEV Lower Limit 17404.51 17981.45 18140.58 18575.75 18942.81 
  Q. estimates 18283.76 18846.20 18990.20 19352.21 19615.45 

  Upper Limit 19326.27 20110.95 20331.55 20942.52 21465.42 

 PR3 Lower Limit 17404.51 17981.45 18140.58 18575.75 18942.81 
  Q. estimates 18226.74 18875.79 19056.80 19555.46 19979.69 

  Upper Limit 19326.27 20110.95 20331.55 20942.52 21465.42 

 LP3 Lower Limit 17765.90 19174.85 19627.84 21050.03 22511.46 
  Q. estimates 18837.55 20551.38 21115.28 22917.78 24812.34 

  Upper Limit 20395.86 22684.64 23455.98 25972.09 28689.48 

 



    EJERS, European Journal of Engineering and Technology Research 

Vol. 6, No. 2, February 2021 

 

DOI: http://dx.doi.org/10.24018/ejers.2021.6.2.2352                                                                                                                                                      Vol 6 | Issue 2 | February 2021 114 
 

B. Summary of Results 

Table 5 shows the performance ranking of the 

distributions. The best –fit distribution is identified based 

on the total score obtained using the statistical indices. 

Column 7 of Table 5 shows the total scores obtained by 

each distribution across the study stations. In terms of 

PPCC Gof test, the 2-parameter distributions have larger 

margins between the calculated test statistics and critical 

values than the 3-parameter distributions. Consequently, the 

decision to reject the null hypothesis for EV1 and LN2 is 

unquestionable but just satisfactory for GEV. The total 

scores for each distribution across the stations are 

graphically displayed in Figures 12 to 16. From Table 5, 

GEV is the best fit model for Lokoja, Baro and Asamabiri 

hydrological stations. LP3 is the best – fit model for Idah 

and Onitsha stations. The results shows that no single 

probability model emerged the best – fit distribution at all 

the stations. Figure 17 shows the overall performances with 

GEV distribution being the optimum distribution, seconded 

by PR3 and thirdly, LP3. Table 7 shows the quantile 

estimates with 95% confidence interval for the hydrological 

stations for Lower Niger basin. It shows the estimated 

quantiles lying within the computed ranges of upper and 

lower confidence limits. 

 

V. DISCUSSION 

In this study, five probability distribution models used 

worldwide in flood frequency analysis, namely, GEV, PR3, 

LP3, LN, and EV1 were chosen to model the AMS of the 

Lower Niger Basin in Nigeria. The selected models have 

been evaluated the Gof tests given in section 2.3. The 

discussion is presented in the following order: 

Comparison with previous studies in Nigeria: The 

hydrological stations evaluated have not been 

systematically studied. However, two previous studies are 

worthy of mention, namely, Ibeje [45] conducted flood 

frequency analysis of Niger River at Shintaku and found 

LP3, the best - fit distribution. Ehiorobo and Akpejiori[16] 

conducted similar study at Agenebode using LN2, LP3 and 

EV1 distributions and found LN2, the best – fit distribution. 

This study aggresses with Ibeje,[45] who found LP3, the 

best – fit distribution for Shintaku gauging station. The 

overall assessment of the candidate’s distributions also 

found LP3, the third best model. But the study disagrees 

with Ehiorobo and Akpejiori, [16] who found LN2, the best 

– fit model for Agenebode.  

Assessment of GOF tests: The GOF tests performed very 

well at Lokoja stations. At Baro station, NSE and PBIAS 

indices performed unsatisfactory, while other indices 

performed very well. At Idah stations, dmod, RRMSE 

performed moderately well while NSE performed 

unsatisfactory for other probability distributions. According 

to PBIAS index, EV1 LN2 and GEV under predicted the 

flood discharges, while LP3 and PR3 overpredicted the 

flood discharges. Furthermore, all the Gof tests performed 

moderately well for all the distributions at Onitsha study 

station, and very well at Asamabiri study station. In terms 

of PPCC statistics, the 2-parameter distributions; EV1 and 

LN2 performed better than the 3-parameter distributions; 

LP3, PR3 and GEV, in summary, Table 5 shows that GEV 

is best-fit distribution for Lokoja, Baro and Asamabiri 

stations, LP3 is best-fit distribution for Idah and Ontisha 

study stations. This observation agrees with [13] who 

reported that PPCC hypothesis tests are best suited for use 

with two-parameter distributions. Furthermore, this study 

agrees with Karim and Chowdhury, [25] who applied 

RMSDs and PPCC Gof tests to select GEV and LP3, as 

best-fit distributions for Bangladesh. 

Suitability of Selected Distributions: The best-fit 

distributions found in this study are GEV, PR3 and LP3 

distributions. The choice of GEV distribution agrees with 

[44] who reported that GEV has a convincing relevance to 

the peak of floods, as most other probability distributions 

are not true depictions of flood peaks from the theoretical 

cause – effect standpoint. The GEV distribution is used as 

standard probability distribution model in 1 country. PR3 is 

a standard probability model in 7 countries while LP3 in 7 

countries, according to Cunnane [11] 

 

VI. SUMMARY AND CONCLUSION:  

This paper presents the comparative evaluation of 

probability distribution models of flood flow in Lower 

Niger River Basin, using five probability distribution 

models: EV1, LN2. LP3. PR3 and GEV. A total of six 

goodness-of-fit tests are adopted: Dmod, RRMSE, NSE, 

PBIAS, RSR and PPCC to identify the best-fit probability 

distribution model with MoM for parameter estimation. 

AMS from five hydrological stations were used for the 

study with GEV distribution identified as the best-fit 

distribution for Lokoja, Baro and Asamabiri stations while 

LP3 for Onitsha and Idah study station. On overall 

assessment, GEV is the best-fit distribution, seconded by 

PR3 and thirdly, LP3. The study recommends the 

development of a regional GEV, PR3 and LP3 distributions 

using the existing hydrological map of Nigeria which had 

demarcated the country into eight homogenous hydrological 

regions. The results of this study would be useful for at – 

site flood frequency analysis on other stations in the lower 

Niger river basin.  
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Fig. 2. Observed and Simulated Discharges (Lokoja). 
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Fig. 3. Observed and Simulated Discharge (Lokoja). 
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Fig. 4. Observed and Simulated Discharge (Lokoja). 
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Fig. 5. Observed and Simulated Discharge (Lokoja). 

 

 

0

5000

10000

15000

20000

25000

30000

1955 1960 1965 1970 1975 1980 1985 1990 1995

D
is

ch
ar

ge
(m

3
/s

)

Year

GEV/Cunnane Analysis (1960-1989)

0

5000

10000

15000

20000

25000

30000

0 5000 10000 15000 20000 25000 30000

O
bs

. Q
ua

nt
ile

s(
m

3/
s)

Dist. Quantiles(F-1(Pi))
 

Fig. 6. Observed and Simulated Discharge (Lokoja). 
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Fig. 7. EVI Q-Q Plot for Flood Flow, Lokoja. 
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Fig. 8. LN2 Q-Q Plot For Flood Flow, Lokoja. 
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Fig. 9. LP3 Q-Q Plot For Flood Flow, Lokoja. 

 

 

0

5000

10000

15000

20000

25000

30000

1955 1960 1965 1970 1975 1980 1985 1990 1995

D
is

ch
ar

ge
(m

3/
s

year

PEARSON 3/Weibull  Analysis (1960-1989)

0

5000

10000

15000

20000

25000

30000

0 5000 10000 15000 20000 25000 30000

O
bs

. Q
ua

nt
ile

s(
m

3/
s)

Dist. Quantiles(F-1(Pi))

 
Fig. 10. PR3 Q-Q Plot for Flood Flow, Lokoja. 
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Fig. 11. GEV Q-Q Plot For Flood Flow, Lokoja. 
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Fig. 12. Goodness -of-Fit Scores for Lokoja. 
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Fig. 13. Goodness -of-Fit Scores for Baro. 

 

0

5

10

15

20

25

EV1 LN2 LP3 PR 3     GEV

0

2

4

6

8

10

12

14

16

18

20

EV1 LN2 LP3 PR 3     GEV

 
Fig. 14. Goodness -of-Fit Scores for Idah. 

 

0

5

10

15

20

25

EV1 LN2 LP3 PR 3     GEV

0

2

4

6

8

10

12

14

16

18

20

EV1 LN2 LP3 PR 3     GEV

 
Fig. 15. Goodness -of-Fit Scores for Onitsha. 
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Fig. 16. Goodness -of-Fit Scores for Asamabiri. 
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Fig. 17. Goodness -of-Fit Total Scores for all Stations. 
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