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Abstract: Environmental flow (EF) and its variability are needed to be assessed to maintain the freshwater ecosystems and to 
quantify potential water supply for human and agricultural consumption. The main aim of this study is providing 
guidance for EF and EF variability estimation methodologies for a particular climatological environment, the 
Mediterranean basin, where river networks are frequently regulated. EF has been considered as the Q347 discharge 
value. Two different methodologies have been applied, a “regression” analysis and a “frequency” analysis, and two 
different river basins, with regard to geological settings, have been investigated. Regression methods provide average 
prediction errors of about 20% and 80% for perennial and intermittent systems, respectively. Prediction errors in case 
of intermittent systems can be improved if climate variability is accounted for, but are larger (50%) than the case of 
perennial river. Coherently, the frequency analysis indicates that for poorly-drained catchments, the choice for a 
particular analytical distribution function could be important to correctly assess the probability of occurrences of 
particular Q347 values and that the largest errors (about 20%) in distributions fitting is noted for this type of river 
basins. 
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1. INTRODUCTION 

One of the major challenges scientists are nowadays involved in, is to provide the worldwide 
growing population with reliable water supplies, protecting, at the same time, the ecological 
integrity of freshwater ecosystems. Environmental flow (EF) is then needed to be assessed, in order 
to maintain or restore ecosystems. Estimation procedures should take into account the natural 
variability of river flow and then of the EF itself, driven by the dynamics of climate, catchment land 
use and human, agricultural and industrial consumptions. Feasibility for a quantification of 
uncertainty related to the global environment dynamics and for the identification of the most 
impacted systems would be undeniably an interesting finding for future predictions. 

According to Tharme (2003), EF estimating methodologies can be classified into four different 
groups. It is possible to distinguish between: (i) hydrological methods, based on the analysis of 
historical flow regime, (ii) hydraulic methods, based on the analysis of stream channel geometry, 
(iii) habitat simulation methods, based on the simulation of physical habitat, (iv) and holistic 
methodologies, where multidisciplinary expertise is needed to achieve particular ecological, 
geomorphological, water quality, social objectives in the modified system. The choice for one or the 
methodologies depends on available data but also on institutional aspects and thus may vary from 
country to country. Almost all of these methodologies have been criticised because of subjectivity, 
arbitrariness, or incompleteness as they are not always able to consider the mentioned temporal 
variation of river flow regime (Alcazar and Palau, 2010), but a clear trend seems to be oriented 
toward the use of hydrological methods (Tharme, 2003). A class of theoretical-hydrological 
methods computes EF indices from the empirical flow duration curve, as a discharge value for a 
particular duration. The flow size equalled or exceeded 95% of the time, Q95, is a widely used index 
(Olsen et al., 2013). If the flow duration curve is plotted in terms of days rather than frequency, Q95 
correspond to Q347, the flow size equalled or exceeded for 347 days in the year. The most widely 
used method to predict Q95 (Q347) is the regression approach, where morphological and climate 
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descriptors, such as catchment area, precipitation, elevation, land use, geology are related to the 
environmental flow indicator (Kobold and Brilly, 1994; Castellarin et al., 2007; Laaha and Bloschl, 
2007; Mohaomud, 2008; Vezza et al., 2010; Cheng et al., 2012). 

Linear regression methods are, however, not always able to directly account for the streamflow 
variability and there is no possibilities to provide information about the frequency of occurrences of 
particular values of Q347. FDCs are variable on an annual base, because of the year to year climate 
variability, and the use of indicators relying on their calculation also allows the possibility to assess 
how important is the impact of climate conditions on environmental streamflow requirements. 
Especially in extreme climatic conditions, the annual variability in the FDC makes the definition of 
an average FDC, and then of an average Q347 index flow questionable. 

To assess the frequency of the occurrences of particular Q347 values, a frequency analysis can be 
performed, where different candidate probability distributions are fitted to the sample data and then 
used, as an example, to associate a return period to a particular low flow value. Gottschalk et al. 
(2013) indicate that most of the widely used distributions for a low flow index would be the 
Gumbel, Fréchet and Weibull as well as particular cases of the Generalised Extreme Value (GEV) 
distribution. But previously, good results have also been achieved with the Log Pearson 
(Loganathan et al., 1986), Lognormal (Vogel and Kroll, 2002) and the Gamma distributions (Bobee 
and Ashkar, 1991). 

The current paper main aims are to: 
i) recommend methodologies for EF and EF variability estimation in a particular climate 

environment, the Mediterranean basin, where river networks are frequently regulated because 
of limited available water resources, and EF assessment is important to quantify the potential 
water supply for human and agricultural consumption; 

ii) test if and, in case, how the recommendation for the most suitable method is influenced by the 
river basin characteristics, with particular reference to the geological settings, known to be the 
main driver of low flow conditions 

 
To meet the research questions, two river basins, both located in a particular region of Southern 

Italy, have been investigated. Catchments climate conditions, both in terms of average and 
variability, are almost similar but significantly different are the catchment lithology settings, being 
one a well-drained perennial system and the other a poorly-drained intermittent system. EF 
requirement is quantified as the Q347 flow index. As a first step a classic regression data base 
approach is applied where the BFI, mean specific discharge and mean annual precipitation are used 
as descriptors, as they appeared to be the most significant variable for low flow prediction in many 
different contexts (Lane and Lei, 1950; Nathan and McMahon, 1992; Vogel and Kroll, 1992; Eng 
and Milly, 2007) and in particular for the geographical region where the studied catchments are 
located (Longobardi and Villani, 2008). Additionally, a Q347 frequency analysis is performed to 
further consider the inter-annual precipitation and streamflow variability and its impact on the 
quantification of Q347. The different responses provided by the two catchments under investigation, 
seem to be coherent with their geological settings and appear to set the premise for a further 
regional scale analysis. 

2. THE CASE STUDIES 

The studied catchments are the Tanagro-Polla and the Sinni-Pizzutello river basins, both located 
in Southern Italy (Figure 1).  

The Tanagro-Polla is a 660 km2 drainage area catchment for which daily discharge has been 
recorded almost continuously from 1923 to 1992, for an effective time series length of about 
65 years. The Sinni-Pizzutello is instead a smaller river basin, with a 232 km2 drainage area, for 
which daily discharge has been recorded almost continuously from 1925 to 1980, for an effective 
time series length of about 46 years. The main characteristics of the recorded time series and of the 
investigated river basins are shown in Table 1, where N, A, µ(Q), σ(Q), Cv(Q), P and PET are the 
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number of the available years of observation, basin area, mean, standard deviation and coefficient 
of variation of daily discharge time series, mean annual precipitation and mean annual potential 
evapotranspiration, respectively. 

 

Figure 1. Investigated river basins location. 

The climate of the two case studies appears to be rather similar. Average monthly precipitation is 
showed in Figure 2 – upper panel. The minimum amount of precipitation is observed from June to 
September and the maximum from November to February. The climate is typically Mediterranean, 
with very marked dry and wet seasons within the year. 

 
Table 1. Main features of the investigated river basins (N = number of the available years ofobservation,  

A = drainage area, µ(Q)= mean daily discharge, σ(Q) = daily discharge standard deviation, Cv(Q) = daily discharge 
coefficient of variation, mean annual precipitation and mean annual potential evapotranspiration) 

River basin N  
(years) 

A  
(km2) 

µ(Q) 
(m3/s) 

σ(Q) 
(m3/s) Cv(Q)  P  

(mm) 
PET  
(mm) 

Tanagro-Polla 65 660 9.8 15.1 1.5 1224 700 
Sinni-Pizzutello 46 232 7.3 13.5 1.9 1256 560 

 
Referring to the climatic the Thornthwaite index (Thornthwaite, 1948) has been used: 

Ic =
Pmed −PETmed
PETmed

 (1) 

Ic is about 0.77 and 1.26 for the Tanagro and Sinni basins, respectively, which are then defined 
respectively as a humid and a hyperhumid catchment. 

Substantial differences occur in the lithology of the two basins and in their permeability. Within 
the Southern Italy Apennines relief, aquifers with the greatest potential are represented by carbonate 
massifs, thus if we consider a permeability index as the ratio between the carbonate catchment area 
and the total drainage area, such permeability index is about the 65% for the Tanagro-Polla and 
only about 15% for the case of the Sinni-Pizzutello (Longobardi and Villani, 2008). Low 
permeability poorly-drained basins are featured by a hydrological regime that exhibits a large inter-
annual variability, because it is strongly dependent on the rainfall regime. Such circumstance is 
reflected in an annual flow duration curves (FDC) envelope whose width is larger in the case of the 
lower permeability Sinni basin (Figure 2 – lower panel). The FDC envelope width is almost 
constant for all the duration and has, as a consequence, a large variability range for the Q347 
discharge values, which is the target of the present investigation (Table 6). 
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Tanagro-Polla Sinni-Pizzutello 

 

Figure 2. Upper panel: Mean monthly rainfall histogram. Lower Panel: Annual flow duration curves envelope (blue) 
and mean annual flow duration curve (thick red). 

3. Q347 REGRESSION ANALYSIS 

At first, a database regression analysis framework has been applied to explain the Q347 discharge 
variability. Linear regression models, from simple to multiple dimensions, predicting Q347 from 
independent variables have been explored. Main variables accounted for in the regression analysis 
are the annual precipitation (P mm), the annual specific discharge (Qs mc/s/km2) and the annual 
BFI index. Among catchment properties, such variables, and in particular the BFI index, have been 
demonstrated to be the most significant descriptors to be used for low flow prediction within the 
geographical region the investigated catchments belongs to (Longobardi and Villani, 2008; 2013). 

Significant independent variables have been selected through a step-wise linear multiple 
regressive approach, which resulted in the specification of the three linear regressive methods to 
predict annual Q347. Results are illustrated in Table 2 and Table 3 for the Tanagro-Polla and Sinni-
Pizzutello basins, respectively. 

 
Table 2.Simple and multiple regression models for annual Q347 prediction (Tanagro-Polla) 

Regression model Model equation 
Mod 1 Q347 = +3.47*BFI +0.61 
Mod 2 Q347 = +5.54*BFI +135.33*Qs -2.32 
Mod 3 Q347 = +5.53*BFI +136.35*Qs -3.59*10^-5*P -2.29 

 
Table 3.Simple and multiple regression models for annual Q347 prediction (Sinni-Pizzutello) 

Regression model Model equation 
Mod 1 Q347 = +2.78*BFI -0.08 
Mod 2 Q347 = +1.68*BFI +21.90*Qs -0.51 
Mod 3 Q347 = +1.72*BFI +22.50*Qs -2.69*10^-4*P -0.18 
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Models have been compared in terms of conventional statistics, such as the mean, standard 
deviation (std), coefficient of variation (Cv), the root mean squared error (rmse), the bias and the 
Pearson correlation coefficient (r2

cor), corrected for the number of model parameters: 

r2cor =1− (1− r
2 ) k −1
k − p

 (2) 

where p is the number of model parameters and k is the sample length. Results are given in Table 4 
and Table 5 for the Tanagro-Polla and Sinni-Pizzutello basins, respectively. The same tables also 
provide jackknife errors estimates derived from the application of the jackknife resampling 
procedure, to assess different sources of error such as mean total true error (mt), mean apparent 
error (ma), a measure of goodness of fit, and mean expected excess error (me), a measure of model 
robustness (Efron, 1982).  

 
Table 4.Regression prediction models performances and jackknife errors estimates (Tanagro-Polla) 

Regression model mean std rmse Cv bias r2cor mt ma me 
Empirical 2.16 0.73 - 0.34 - - - - - 
Mod 1 2.16 0.22 0.26 0.10 0.11 0.07 0.33 0.32 0.01 
Mod 2 2.16 0.59 0.11 0.27 -0.15 0.60 0.18 0.18 0.00 
Mod 3 2.16 0.59 0.11 0.27 -0.15 0.59 0.19 0.18 0.01 

 
Table 5.Regression prediction models performances and jackknife errors estimates (Sinni-Pizzutello) 

Regression model mean std rmse Cv bias r2cor mt ma me 
Empirical 0.90 0.65 - 0.72 - - - - - 
Mod 1 0.90 0.27 0.21 0.27 0.05 0.13 0.68 0.64 0.03 
Mod 2 0.90 0.56 0.05 0.57 -0.14 0.64 0.83 0.46 0.37 
Mod 3 0.90 0.57 0.08 0.58 -0.14 0.64 0.52 0.44 0.08 

 
For both the Tanagro and Sinni river basins the Mod 2 regression model, including the BFI index 

and the mean specific discharge as independent variables, is the best performing model. A number 
of scientific contributions have demonstrated in fact that the BFI is one of the main descriptors for 
low flow indices (Lane and Lei, 1950; Nathan and McMahon, 1992; Vogel and Kroll, 1992; Eng 
and Milly, 2007). Significant differences are, however, evident with respect to the jackknife error 
statistic, as the total error is of about 18% in the case of the well-drained Tanagro-Polla and of 
about 83% in the case of the poorly-drained Sinni-Pizzutello. To increase the regression 
performance for the poorly-drained catchment, it is necessary to include a third independent 
variable, the mean annual precipitation, as considered by the Mod 3 model. Flow duration curve 
envelope, and then Q347 variability, is quite large for this catchment because the relative geological 
features are not able to filter the inter-annual climate intrinsic fluctuation, particularly important in 
the Mediterranean areas (Mehta and Yang 2008; Reale and Lionello, 2013). Information about 
annual precipitation seems then to improve the prediction of low flow indices for low permeability 
catchments, driving toward a more precise assessment of the annual flow duration curve and 
consequently of the related indices. Using the Mod 3 model, for the Sinni-Pizzutello, the total error 
reduced from 83% to 52%. Even though reduced, the prediction errors are still significantly larger 
than in the case of the well-drained Tanagro-Polla catchment. 

4. Q347 FREQUENCY ANALYSIS 

Additionally, a frequency analysis application is carried out for the variable Q347, assumed to be 
an indicator for the minimum environmental flow. Once annual FDCs have been computed for the 
observed discharge time series, the discharge value corresponding to the duration of 347 days has 
been selected for each FDC, and a frequency analysis has been performed for the Q347 sample vector 
data. 



38 A. Longobardi & P. Villani 

 

To fit the Q347 empirical frequency distribution, different probability distribution have been 
selected from a library of established distribution proposed and applied in a number of previous 
studies with similar purposes (Fisher and Tippet, 1928; Bobee and Ashkar, 1991; Kroll and Vogel, 
2002; Gottschalk et al., 2013). 
 

Tanagro-Polla Sinni-Pizzutello 

  

Figure 3. Q347 empirical and fitted LN, G and GEV distribution for the Tanagro-Polla (left side) and Sinni-Pizzutello 
(right side). 

Candidate distributions are the two parameters Lognormal, the Gamma and the Generalized 
Extreme Value GEV distribution. The maximum likelihood method has been used for parameters 
estimation. Fitted LogNormal, Gamma and Generalized Extreme Value distribution are presented in 
Figure 3. To quantitatively assess the goodness of fit of the candidate distributions a number of 
measures and hypothesis test have been used. As a first step, main empirical and candidate 
distributions statistics have been estimated and illustrated in Table 6. Subsequently the fitting 
between the empirical and candidate distributions is investigated through the application of a 
Kolmogorov-Smirnov test. The null hypothesis, that is the tested data vectors come from the same 
continuous distribution, has been accepted, at the 5% significance level, for both catchments and for 
all of the considered distributions. Cumulative empirical frequency FEMP and analytical FLN, FG and 
FGEV Q-Q plots have also been explored (Figure 4). The computed probability plot correlation 
coefficients appear overall very large, ranging between 0.95-0.99. The linearity of the relation 
between empirical and analytical cumulative distribution is used as a graphical tool to assess if the 
two samples come from the same distribution. The linearity is particularly evident for the Tanagro-
Polla. In the case of Sinni-Pizzutello, the probability plots indicate that empirical and analytical 
cumulative distribution (in particular the LN and G distribution) have different skewness, with FLN 
and FG skewed to the left, compared to FEMP, for the larger quantiles. As a final assessment, the 
Average Absolute Percentage Error AAPE index (Longobardi and Villani, 2013) is computed as: 

AAPE = 1
n

Qemp,pi −Qdist,pi

Qemp,pii=1

n

∑  (3) 

where pi is the exceedance percentage, Qemp,pi is the pi-empirical Q347discharge and Qdist,pi is the pi-
lognormal, pi-gamma and pi-GEVdistribution Q347discharge, n the number of Q347discharges of 
various exceedance percentages. Results are illustrated in Table 7. 

With reference to the Tanagro-Polla river basin, the hypothesis test and the indices comparing 
the empirical and analytical frequency distributions (probability plot correlation coefficients and 
AAPE) appear to suggest that the candidate distributions all perform at the same satisfactory level. 
In terms of main statistics the GEV seems to be the best performing distribution, as the LN and G 
distribution are not able to generate minimum Q347 discharges close to the observed values and the 
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range of variability overestimates the observed statistic. 
 

Table 6.Main statistics for the empirical, LN, G and GEV Q347 probability distributions 

  Tanagro-Polla Sinni-Pizzutello 
Distribution function Min Mean Std Cv Min Mean Std Cv 
Empirical 1 2.16 0.73 0.34 0.2 0.90 0.65 0.72 

LogNormal 0 2.26 0.99 0.44 0 1.02 0.87 0.86 

Gamma 0 2.23 0.90 0.40 0 0.99 0.72 0.73 

Generalized Extreme Value 0.94 2.28 0.89 0.39 0.25 1.16 1.58 1.36 

 
With reference to the Sinni-Pizzutello, the hypothesis test and the indices comparing the 

empirical and analytical frequency distributions seem to suggest a worse performance, compared to 
the Tanagaro-Polla basin and that the choice of the particular analytical distribution could be 
important for this case study. In particular the AAPE is significantly greater, especially in the case 
of the G distribution, which approaches almost the 20%. However, the same G distribution seems to 
be the most suited in terms of main statistics, as the LN and in particular the GEV overestimate the 
observed variability. 

As in the case of the regression analysis approach, also for the frequency analysis approach, the 
largest errors are associated with the poorly-drained catchment. Clearly, the limited number of 
studied river basins does not provide an explanation of the relative role that climate and geology 
play is the quantification of low flow indices, but undoubtedly support a conceptual scheme which 
assigns a relatively less important position to climate conditions in case of well-drained catchments 
(Longobardi and Van Loon, 2015). 
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Figure 4. Q347 empirical and analytical distribution Q-Q plots (Femp = empirical cumulative distribution, FLN = 
LogNormal cumulative distribution; FG = Gamma cumulative distribution, FGEV = Generalized extreme Value 

cumulative distribution. 
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Table 7.Performance of candidate distributions with reference to the AAPE index (Absolute Average Percentage Error) 

Distribution function Tanagro-Polla Sinni-Pizzutello 
AAPE (%) AAPE (%) 

LogNormal 6.90 9.76 
Gamma 6.96 19.94 
Generalized Extreme Value 6.93 7.30 

5. SUMMARY AND CONCLUSIONS 

The paper reports about an application of two different methodologies concerning the assessment 
of the environmental flow requirement index, in a Mediterranean climate environment, to suggest 
the most suitable methodology for the particular environment under investigation and for the 
specific catchment properties. The streamflow discharge of a particular duration, Q347, has been 
proposed and calculated, on an annual base, from the empirical annual FDC. Q374 sample variability 
caused by climate inter-annual variability has been considered, for a quantification of uncertainty 
related, on a general perspective to the global environment dynamics, and more specifically to 
climate fluctuation, which is undeniably an interesting and more realistic finding for future 
predictions. 

In a first step, as a possibility to identify a predictive model for Q347, different step-wise 
regression equations have been calibrated and assessed on the base of a jack-knife validation 
technique. Independent variables are the annual BFI index, the annual specific discharge and the 
annual precipitation. In case of well-drained system (Tanagro), the regression model Mod 2, using 
BFI and annual specific discharge, provide the best performing model with an average prediction 
error of about 20%. In case of poorly-drained system (Sinni) the Mod 2 prediction errors increase 
up to 83%. To improve the EF prediction in case of catchment characterized by a variable 
hydrological regime, it is necessary to account for more variables, specifically climate variables. 
The inclusion of annual precipitation in the regression model Mod 3 leads to smaller prediction 
errors of about 50%, however, these are larger than in well-drained perennial catchments. 

In a second application, as a possibility to describe the occurrences frequency of particular 
values for the environmental streamflow requirement index, the FDC inter-annual variability has 
been considered, and the Lognormal, Gamma and GEV distribution have been fitted to the 
empirical Q347 frequency distribution. In this application, the best performance has been achieved 
by the GEV distribution for the Tanagro basin and by the Gamma distribution for the Sinni basin. In 
terms of goodness-of-fit, the worse performance is associated also with the poorly-drained Sinni 
basin, for which the AAPE index approaches about the 20%, whereas it is only about the 6% for the 
Tanagro basin. 

Clearly, the limited number of studied river basins does not provide an explanation of the 
relative role that climate and geology plays in the quantification of low flow indices, but the 
recommended methodologies and their findings undoubtedly support a conceptual scheme which 
assigns a relatively less important position to climate conditions in case of well-drained catchments 
compared to poorly-drained ones. The proposed approaches appear to set the premise for a further 
regional scale analysis where, contrasting climate and geological settings are combined to produce 
contrasting catchment responses and where consistency in the role played by the different variables 
could more clearly be addressed. 

The findings of a regional analysis would moreover represent an interesting development, as in 
the past major efforts have been devoted to define EF in individual rivers but there has been a 
limited upscaling of individual methods to global or regional scales (Pastor et al., 2014). 

ACNOWLEDGMENTS 

The authors gratefully acknowledge funding support provided through the Instruction, University 



European Water 49 (2015)   41 

 

and Research Italian Ministry under the grant UNISA ORSA149974. The authors would also thank 
the anonymous reviewers and the guest editor who handled this manuscript for their helpful 
comments and encouragements, which resulted in a significant improvement of the manuscript. 

REFERENCES 

Alcazar J. and Palau A., 2010. Establishing environmental flow regime in a Mediterranean watershed based on regional 
classification, Journal of Hydrology, 388, 41-51.  

Bobee B. and Ashkar F., 1991. The Gamma family derived distribution applied in hydrology. Water Resources Publications, 
Colorado, USA, 205 pp. 

Castellarin A., Camorani G. and Brath A., 2007. Predicting annual and long-term flow-duration curves in ungauged basins, Advances 
in Water Resources, 30, 937–953. 

Cheng L., Yaeger M., Viglione A., Coopersmith E., Ye S. and Sivapalan M., 2012. Exploring the physical controls of regional 
patterns of flow duration curves – Part 1: Insights from statistical analyses, Hydrology and Earth System Sciences, 16, 4435-4446. 

Efron B., 1982. The jackknife, the bootstrap and other resampling plans. Society for Industrial and Applied Mathematics, 
Philadelphia, USA. 

Eng K. and Milly, P.C.D., 2007. Relating low-flow characteristics to the base flow recession time constant at partial record stream 
gauges. Water Resources Research 43 (1), W01201. 

Fisher R.A. and Tippet L.H.C., 1928. Limiting forms of the frequency distributions of the largest and smallest member of a sample. 
Proc. Cambridge Philosophical Society, 24, 180-190. 

Gippel C.J. and Stewardson M.J., 1998. Use of wetted perimeter in defining minimum environmental flows. Regulated Rivers: 
Research and Management, 14, 53-67. 

Gottschalk L., Yu K.X., Leblois E. and Xiong L., 2013. A Statistics of low flow: Theoretical derivation of the distribution of 
minimum streamflow series, Journal of Hydrology, 481, 204-219. 

Kobold M. and Brilly M., 1994. Low flow discharge analysis in Slovenia, IAHS Publ. no. 221, 119-131. 
Laaha G. and Bloschl G., 2007. A national low flow estimation procedure for Austria. Hydrological Sciences Journal, 52, 625-644. 
Lane E.W. and Lei, K., 1950. Stream flow variability. Proceedings of the American Society of Civil Engineers 115, 1084–1098. 
Loganathan G.V., Mattejat P, Kuo C.Y. and Diskin M.H., 1986. Frequency analysis of low flows: hypothetical distribution methods 

and a physically based approach, Nordic Hydrology, 17, 128-150.  
Longobardi A. and Van Loon A.F., 2015. Climate influence on baseflow index across climate and catchment properties gradient, 

HW13p-175. In: 26th International Union of Geodesy and Geophysics General Assembly, 2015, Prague. 
Longobardi A. and Villani P., 2008. Baseflow regionalization analysis in a Mediterranean area and data scarcity context: role of the 

catchment permeability index, Journal of Hydrology, 355, 63-75.  
Longobardi A. and Villani P., 2013. A statistical parsimonious empirical framework for regional flow duration curve prediction in a 

large permeability Mediterranean region, Journal of Hydrology, 507, 174-185.  
Nathan R.J. and McMahon, T.A., 1992. Estimating low flow characteristics in ungauged catchments. Water Resources Management 

6, 85–100. 
Mohamoud Y.M., 2008. Prediction of daily flow duration curves and streamflow for ungauged catchments using regional flow 

duration curves, Hydrological Sciences Journal, 53, 706-724. 
Olsen M., Troldborg L., Henriksen H.J., Conallin J., Refsgard J.C. and Boegh E., 2013. Evaluation of a typical hydrological model in 

relation to environmental flows, Journal of Hydrology, 507, 52-62.  
Pastor A.V., Ludwig F., Biemans H., Hoff H. and Kabat P., 2014. Accounting for environmental flow requirements in global water 

assessments. Hydrology and Earth System Sciences, 18, 5041–5059. 
Tennant D.L., 1976. Instream Flow regimes for fish, wildlife, recreation and related environmental resources, Fisheries, 1(4), 6–10. 
Tharme R.E., 2003. A global perspective on environmental flow assessment: emerging trend in the development and application of 

environmental flow methodologies for rivers. River Research and Application, 19, 397-442. 
Thornthwaite C.W., 1948. An Approach toward a Rational Classification of Climate. Geographical Review, 38(1), 55-94. 
Vezza P., Comoglio C., Rosso M. and Viglione A., 2010. Low flow regionalization in North-West Italy. Water Resources 

Management, 24, 4049-4074. 
Vogel R.M. and Kroll C.N., 1990. Low flow frequency analysis using probability-plot correlation coefficients, Journal of Water 

Resources Planning and Management, 115(3), 338-357. 
Vogel R.M. and Kroll, C.N., 1992. Regional geohydrologic-geomorphic relationships for the estimation of low-flow statistics. Water 

Resources Research 28 (9), 2451–2458. 
 


