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1 INTRODUCTION 

Forecasts are often expressed as single numbers, 
called point forecasts. The vast majority of research 
in hydrologic forecasting, as well as most opera-
tional hydrological forecasting systems, centers 
around producing and evaluating point forecasts. 
Point forecasts are of course of first-order impor-
tance. However, point forecasts gives no information 
about predictive uncertainty which is of vital impor-
tance in planning and decision making. Interval 
forecasts are important to supplement point fore-
casts, especially for medium- and long-range fore-
casting. Interval forecasts usually consists of an up-
per and a lower limit (prediction interval, PI) 
between which the future value is expected to lie 
with a prescribed probability, or a probability distri-
bution function of the predictand (the variate being 
forecasted). Hirsch (1981) stated that the presenta-
tion of a single “most likely” hydrograph is of no 
value in long-range hydrologic forecasting.  

A variety of approaches to computing PIs are 
available (e.g., Chatfield, 1993). However, no gener-
ally accepted method exists for calculating PIs ex-
cept for forecasts calculated conditional on a fitted 
probability model, for which the variance of forecast 
errors can be readily evaluated (Chatfield, 2001). In 
the hydrologic community, many efforts have been 
made on evaluating the forecast uncertainty, which is 
essentially equivalent to constructing PIs, in hydro-
logic modelling in the last two decades or so (e.g., 
Kitanidis & Bras, 1980; Beven & Binley, 1992; 
Freer et al., 1996; Kuczera & Parent, 1998; Krzysz-
tofowicz, 1999). Four types of approaches have been 
proposed and used for hydrologic forecasting so far. 

(1) Develop a stochastic model of streamflow based 
on the historic record. Initialize the model’s state 
variables to present conditions and use a random 
number generator to produce multiple (equally 
likely) traces from this one initial condition. The 
simplest model is the autoregressive (AR) 
model. Hirsh (1981) developed this method, 
where a periodic ARMA model is used to de-
scribe monthly streamflow processes. This 
method relies on assumptions of normality and 
independence of the error terms of the PARMA 
model. 

(2) Produces multiple estimates of a streamflow 
variable with a deterministic hydrologic model 
based on current basin conditions and past mete-
orological observations (rain, snow, temperature, 
humidity, wind). This method is called Extended 
Streamflow Prediction (ESP) (Day, 1985). It 
produces probabilistic forecasts by doing statisti-
cal analysis of ensemble traces. The ensemble 
traces are simulated by inputting historical mete-
orological time series, which are assumed to rep-
resent possible realizations in the future, into the 
hydrological model, using the current watershed 
conditions as the initial conditions. Then, the 
cumulative distribution function of the ensemble 
traces is estimated by weighting each trace, using 
the method proposed by Smith et al. (1992). Fi-
nally, the probability distribution forecasts are 
produced for future runoff volume in terms of 
nonexceedance probability by statistical analysis 
of the ensemble traces. The ESP forecast system 
has been applied as part of the National Weather 
Service (NWS) River Forecast System 
(NWSRFS) in the United States. NWS has ex-
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tended the original idea to facilitate incorpora-
tion of climate outlooks into the ESP (Perica, 
1998). The NWS ESP program produces ensem-
ble traces by inputting historical meteorological 
events adjusted with meteorological and clima-
tological forecasts, and deterministic precipita-
tion forecasts. ESP approach is also taken by 
European Flood Forecasting System (EFFS) for 
making up to 10 days ahead probabilistic flood 
forecast (De Roo et al., 2003), but medium-range 
ensemble weather forecasts, instead of historical 
weather data, are used to generate ensemble 
traces. 

(3) Estimate the predictive uncertainty associated 
with hydrologic models based on Monte Carlo 
simulation. This method is called GLUE (Gener-
alised Likelihood Uncertainty Estimation) pro-
posed by Beven & Binley (1992). By specifying 
the sampling ranges for each parameter to be 
considered, as well as a formal definition of the 
likelihood measure to be used and the criteria for 
acceptance or rejection of the models, a sample 
of parameter sets are selected by Monte Carlo 
simulation, using uniform random sampling 
across the specified parameter range. The predic-
tions of the Monte Carlo realisations are then 
weighted by the likelihood measures to formu-
late a cumulative distribution of predictions from 
which uncertainty quantiles can be calculated. A 
major limitation of the GLUE methodology is 
the dependence on Monte Carlo simulation, 
which requires considerable computing re-
sources. For complex models requiring a great 
deal of computer time for a single run, it will not 
be possible to fully explore high order parameter 
response surfaces. 

(4) Bayesian theory based probabilistic forecast 
method is recently proposed by Krzysztofowicz 
(1999). The basic idea of Bayesian prediction is 
to blend together prior and posterior information 
using Bayes theorem. In the BFS, the total uncer-
tainty is decomposed into two sources: (1) input 
uncertainty associated with random inputs 
(mainly, precipitation) and (2) hydrologic uncer-
tainty arising from all sources beyond those clas-
sified as random inputs, including model, pa-
rameter, estimation, and measurement erros. BFS 
offers a theoretically derived structure to quan-
tify the input uncertainty and hydrologic uncer-
tainty and then integrate all those uncertainties 
into a predictive (Bayes) distribution.  

Among the four approaches mentioned above, 
only the first one is suitable for univariate stochastic 
time series model, whereas the other three are based 
on more complicated models that are data-
demanding and usually assumed to be true. How-
ever, the approach (1) relies on the assumption of 
normality, which is not often justified in actual ap-
plications. Therefore, In this study, we will construct 

PI of monthly streamflow forecasts based on the re-
siduals from univariate ARMA models. We will ap-
ply residual based methods that are independent of 
any assumption for constructing PIs for monthly 
streamflow forecasting. 

2 METHODOLOGY 

Seasonal time series (i.e., most streamflow proc-
esses) are commonly modelled with three types of 
time series models (Hipel & McLeod, 1994): (1) 
seasonal autoregressive integrated moving average 
(SARIMA) models; (2) deseasonalized ARMA 
models; and (3) periodic ARMA models. In this 
study, the second modeling strategy, i.e., deseasonal-
ized ARMA models, is adopted. Although theoreti-
cal formulae are available for computing PIs for 
ARMA-type time-series model (Box & Jenkins, 
1976), it is well-known that streamflow processes 
often have heavy tails (e.g., Anderson & Meer-
schaert, 1998), therefore, theoretical formulae which 
assume normality are not applicable. In contrast with 
theoretical method, residual based PI estimation 
methods do not require any distributional assump-
tions. Two methods will be used in this study to es-
timate PIs based on residuals, i.e., empirical method 
and bootstrap-based method. Empirical method con-
structs PIs relying on the properties of the observed 
distribution of residuals (rather than on an assump-
tion that the model is true). Bootstrap-based method 
samples from the empirical distribution of the re-
siduals from fitted models to construct a sequence of 
possible future values, and evaluates PIs at different 
horizons by simply finding the interval within which 
the required percentage of resampled future values 
lies. 

2.1 Empirical PI construction 
Let {xt} be a sequence of n observed streamflow se-
ries. The empirical PI estimation for k-step ahead 
prediction proceeds as follows: 

Step 1. Logarithmize the streamflow series, and 
then deseasonalize the logarithmized series by sub-
tracting the monthly mean values and dividing by the 
monthly standard deviations of the logarithmized se-
ries. 

Step 2. Fit AR(p) model to the transformed series, 
in the form of ( ) t tB xφ ε= , where φ(B) represents the 
ordinary autoregressive components. Compute the k-
step ahead fitted error (residuals): 

1
, 1,...,

p

t k t k j t k j
j

x x t p n kε φ+ + + −
=

= − = + −∑ .  (1) 
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Notice that, when k-j ≥ 1, calculated value (with 
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=

=∑ ), instead of the observed value, will 

be used for xt+k-j in the Equation (1). 
Step 3. Define the empirical distribution function 

Fε,k of the residuals εt+k: 
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Step 4. Obtain the upper bound of k-step ahead 
future value by expression 
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and the lower bound by 

1
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= +∑           (4) 

where U
n kε +  and L

n kε +  are the upper and lower p/2-th 
empirical quantile drawn from Fε,k according to the 
nominal coverage level (1-p). Notice that, as in step 
2, when k-j ≥ 1, calculated value will be used for 
xt+k-j in the Equation (3) as well as in the Equation 
(4). 

Step 5. Inversely transform the upper and lower 
bounds to their original scale. 

2.2 Bootstrap PI construction 
Bootstrap method is a distribution-free, but compu-
tationally intensive approach. There are several 
bootstrap alternatives in the literature to construct 
prediction intervals for AR processes (e.g., Stine, 
1987; Thombs & Schucany, 1990). In this study, we 
use the method recently proposed by Pascual et al. 
(2004), which has the advantage over other bootstrap 
methods previously proposed for autoregressive in-
tegrated processes that variability due to parameter 
estimation can be incorporated into prediction inter-
vals without requiring the backward representation 
of the process. Consequently, the procedure is very 
flexible and can be extended to processes even if 
their backward representation is not available. Fur-
thermore, its implementation is very simple. 

The steps for obtaining bootstrap prediction inter-
vals for monthly streamflow processes are as fol-
lows: 

Step 1. The same as Step 1 in Section 2.1. 
Step 2. Fit AR(p) model to the transformed series, 

in the form of ( ) t tB xφ ε= . Compute the one-step fit-
ted error (residuals) εt as in Eq. (1), where k=1.  

Step 3. Let Fε be the empirical distribution func-
tion of the centered and rescaled residuals by the fac-
tor [(n-p)/(n-2p)] 0.5. 

Step 4. From a set of p initial values, generate a 
bootstrap series from 

* * *

1

p

t j t j t
j

x xφ ε−
=

= +∑             (5) 
where εt

* are sampled randomly from Fε. 

Step 5. Use the generated bootstrap series to re-
estimate the original model, and obtain one bootstrap 
draw of the autoregressive coefficients φ *= (φ1

*, 
φ2

*,…, φp
*). 

Step 6. Generate a bootstrap future value through the 
recursion of the AR model with the bootstrap pa-
rameters 

* * * *

1

p

n k j n k j n k
j

x xφ ε+ + − +
=

= +∑           (6) 

with εt
* a random draw from Fε; xn+h*= xn+h for 

h ≤ 0.  
Step 7. Repeat the last three steps B times (e.g., 

1000 or 2000) and then go to step 8. 
Step 8. The endpoints of the prediction interval 

are given by quantiles of GB
*, the bootstrap distribu-

tion function of xn+k
*. 

Step 9. Inversely transform the upper and lower 
bounds to their original scale. 

3 DATA USED 

Monthly streamflow series of four rivers, i.e., the 
Yellow River in China, the Rhine River in Europe, 
the Umpqua River and the Ocmulgee River in the 
United States, are analyzed in this study.  

The first streamflow process is the streamflow of the 
upper Yellow River at Tangnaihai. The gauging station 
Tangnaihai has a 133,650 km2 drainage area in the north-
eastern Tibet Plateau. Most of the watershed is 3000 ~ 
6000 meters above sea level. Snowmelt water composes 
about 5% of total runoff. Because the watershed is partly 
permanently snow-covered and sparsely populated, with-
out any large-scale hydraulic works, the streamflow 
process is fairly pristine.  

The second one is the streamflow of the Rhine 
River at Lobith, the Netherlands. The gauging sta-
tion Lobith is located at the lower reaches of the 
Rhine, near German-Dutch border, with a drainage 
area is about 160,800 km2. Due to favorable distribu-
tion of precipitation over the catchment area, the 
Rhine has a rather equal discharge. The data are pro-
vided by the Global Runoff Data Centre (GRDC) in 
Germany (http://grdc.bafg.de/).  

The third one is the streamflow of the upper 
Ocumlgee River at Macon, Georgia in the United 
States. The station Macon has a drainage area of 
5,799 km2. The headwaters of the Ocmulgee River 
begin in the highly urbanized Atlanta metropolitan 
area, and downstream its watershed is dominated by 
agriculture and forested areas. The fourth one is the 
streamflow of the Umpqua River near Elkton, Ore-
gon also in the United States. The drainage area is 
9,535 km2. Regulation by powerplants on North 
Umpqua River ordinarily does not affect discharge at 
this station. There are diversions for irrigation up-
stream from the station. The daily discharge data of 
both the Ocmulgee River and the Umpqua River are 



available from the USGS (United States Geological 
Survey) website http://water.usgs.gov/waterwatch/.  

Monthly series are obtained from daily data by 
taking the average of daily discharges in every 
month. The mean monthly discharges of these 
streamflow series over the year are plotted in Figure 
1. 
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Figure 1 Average monthly discharges of four monthly stream-
flow processes 

4 APPLICATION OF THE TWO PI 
CONSTRUCTION METHODS 

4.1 Split the data set and fit AR models 
It has been analyzed that the four monthly stream-
flow series are basically stationary (Wang et al., 
2005) although it is well known that streamflow 
processes exhibit seasonality in their mean values, 
variances and autocorrelation structures. Hence, no 
pre-processing (e.g., detrending or differencing) is 
needed. All the streamflow series are transformed 
with logrithmization and deseasonalization. Then we 
split each series into two parts, with the first part for 
fitting ARMA models and getting the residuals and 
the second part for constructing prediction intervals 
with the ARMA models fitted to the first part. Cher-
nick (1999, pp 150-151) suggested that the sample 
size for bootstrap sampling should be larger than 30. 
To meet the requirement, we keep the size of first 
part larger than 360 (i.e., 30 years for monthly se-
ries), so that when generating bootstrap samples for 
each individual month, we have a sample size larger 
than 30. The orders of the AR models fitted to the 
first parts of each transformed flow series are chosen 
according to AIC. The details of the data size, the 
partition of the data set and the order of AR models 
for each series are listed in Table 1. 

 
Table 1 Data size, the partition of the data set and the order of 
AR models 

River Data period Part 1 Part 2 AR(p)
Yellow 1956-2000 420 120 4 
Rhine 1901-1996 600 552 4 

Ocmulgee 1929-2001 444 432 3 
Umpqua 1906-2001 600 552 5 
In this study, only one-step ahead forecast is con-

sidered, and the empirical distribution function of re-

siduals are defined according to fitted error from the 
AR models fitted to the first part. But in the practice, 
all the fitted residuals up to the forecast point could 
be used. 

4.2 Construct PIs according to the overall 
empirical distribution function of residuals 

The 95% probability is commonly applied to build 
prediction interval. However, for a 95% probability, 
PIs may become so embarrassingly wide that they 
are of little practical use other than to indicate the 
high degree of future uncertainty. Granger (1996) 
suggests using 50%, rather than 95%, PIs because 
this gives intervals that are better calibrated in regard 
to their robustness to outliers and to departures from 
model assumptions. Such intervals will be narrower 
but imply that a future value has only a 50% chance 
of lying inside the interval. Therefore, Chatfield 
(2001) suggests using 90% or 80% prediction inter-
val. In this study, we build the 95%, 90%, 80% and 
50% PIs for one-step ahead monthly average dis-
charge prediction with the methods described in Sec-
tion 2. For the bootstrap procedure, B = 1000.  

To evaluate the performance of PI construction 
methods, the following measures are used: the actual 
PI coverage, the average PI length, the proportions 
of observations lying out to the left and to the right 
of the interval. A good PI construction method 
should have a coverage close to the nominal cover-
age, a small interval length, and balanced propor-
tions of observations below and above the interval. 
Table 2 reports the results for the four monthly 
streamflow processes, comparing empirical PIs with 
bootstrap-based PIs. It is shown that both methods 
give reasonable performance in terms of interval 
coverage, and there is no significant bias of the in-
terval, namely, the numbers of observed values fal-
ling to the left and to the right of the interval are 
mostly close. In terms of the interval length, empiri-
cal method outperform the bootstrap method because 
empirical method has generally shorter interval 
length. 

Since the streamflow processes exhibit strong 
seasonality as shown in Figure 1, to inspect possible 
impacts of the presence of seasonality on the per-
formance of empirical method and bootstrap 
method, we check the PIs month by month. Table 3 
lists PI construction results for these flow series with 
nominal coverage of 80% month by month (to save 
space, results for other three nominal coverage levels 
are not listed here).
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Table 2 Prediction intervals for monthly flow series 

Yellow Rhine Ocmulgee Umpqua Nominal 
Cov. 

Measure 
Emp. Boot. Emp. Boot. Emp. Boot. Emp. Boot. 

Cov. 0.925 0.925 0.964 0.94 0.938 0.91 0.964 0.944 
Above Cov. 0.033 0.033 0.016 0.034 0.016 0.021 0.016 0.027 
Below Cov. 0.042 0.042 0.02 0.025 0.046 0.069 0.02 0.029 

95% 

Average Len. 623 704 2828 2798 171 190 437 430 
Cov. 0.875 0.892 0.879 0.888 0.882 0.856 0.908 0.902 

Above Cov. 0.05 0.042 0.067 0.054 0.046 0.042 0.027 0.049 
Below Cov. 0.075 0.067 0.054 0.058 0.072 0.102 0.065 0.049 

90% 

AverageLen. 473 551 1996 2266 118 134 350 355 
Cov. 0.742 0.742 0.784 0.772 0.762 0.736 0.806 0.821 

Above Cov. 0.117 0.092 0.12 0.123 0.095 0.118 0.087 0.092 
Below Cov. 0.142 0.167 0.096 0.105 0.144 0.146 0.107 0.087 

80% 

Average Len. 346 438 1500 1582 89 91 247 276 
Cov. 0.5 0.5 0.527 0.518 0.491 0.451 0.504 0.489 

Above Cov. 0.2 0.192 0.252 0.248 0.255 0.269 0.268 0.281 
Below Cov. 0.3 0.308 0.221 0.234 0.255 0.28 0.228 0.23 

50% 

Average Len. 171 225 851 867 43 47 110 124 
Note: Cov. - coverage; Len. - length; Emp. - empirical method; Boot. - bootstrap method. 
 

Table 3 Month by month PI coverages for monthly flow with nominal coverage of 80% 
Yellow Rhine Ocmulgee Umpqua Month 

Emp. Boot. Emp. Boot. Emp. Boot. Emp. Boot. 
1 0.900 0.700 0.717 0.783 0.833 0.944 0.717 0.739 
2 0.900 0.700 0.696 0.804 0.722 0.722 0.652 0.739 
3 1.000 0.500 0.696 0.739 0.722 0.722 0.739 0.761 
4 0.200 0.400 0.739 0.761 0.667 0.639 0.761 0.891 
5 0.800 0.800 0.848 0.804 0.722 0.694 0.783 0.870 
6 0.500 0.500 0.826 0.717 0.861 0.889 0.891 0.848 
7 0.500 0.500 0.761 0.739 0.722 0.528 0.957 0.783 
8 0.500 0.900 0.913 0.848 0.750 0.500 0.957 0.870 
9 0.600 1.000 0.891 0.848 0.722 0.750 0.913 0.870 

10 1.000 1.000 0.804 0.739 0.806 0.778 0.848 0.891 
11 1.000 0.900 0.761 0.717 0.861 0.833 0.696 0.826 
12 1.000 1.000 0.761 0.761 0.750 0.833 0.761 0.761 
 
From Table 3, we find that there is a systematic 

bias that for low-flow months the coverage of PIs 
is larger than the nominal coverage, whereas for 
high-flow months the coverage of PIs is smaller 
than the nominal coverage, especially for the Yel-
low River and the Umpqua River. That indicates 
that for low-flow months the PIs are over-
estimated, and for high-flow months the PIs are 
under-estimated. We examine the standard devia-
tion of the residuals of the months over the year, 
plotted in Figure 2. It is shown that for the Yellow 
River and Umpqua River, there is obvious seasonal 
variation in standard deviation of the residuals. 
Comparing Figure 1 and Figure 2, we can find that 
there is a general tendency that the months with 
high flow also have high residual standard devia-
tion. Therefore, when we use the overall empirical 
distribution function to construct the PIs, the cov-
erage between the upper and lower p/2-th empirical 

quantile for the nominal coverage (1-p) is too large 
for low-flow months, and too small for high flow 
months, which causes the systematic bias of PI 
coverages shown in Table 3. 

 

Figure 2 Seasonal variation in standard deviation (SD) of the 
residuals 
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Table 4 PIs considering the seasonal variation in variance of the residuals 
Yellow Rhine Ocmulgee Umpqua Nominal 

Cov. 
Measure 

Emp. Boot. Emp. Boot. Emp. Boot. Emp. Boot. 
Cov. 0.917 0.933 0.953 0.937 0.905 0.905 0.957 0.944 

Above Cov. 0.042 0.025 0.036 0.033 0.039 0.023 0.027 0.025 
Below Cov. 0.042 0.042 0.011 0.031 0.056 0.072 0.016 0.031 

95% 

Average Len. 597 710 2768 2807 147 189 424 432 
Cov. 0.875 0.892 0.899 0.886 0.824 0.859 0.911 0.911 

Above Cov. 0.067 0.042 0.058 0.058 0.079 0.042 0.049 0.043 
Below Cov. 0.058 0.067 0.043 0.056 0.097 0.100 0.040 0.045 

90% 

Average Len. 513 553 2316 2276 110 132 357 355 
 

Table 5 Month by month PI coverages for monthly flow with nominal coverage of 80% 
(considering the seasonal variation in variance of the residuals) 

Yellow Rhine Ocmulgee Umpqua 
Month Emp. Boot. Emp. Boot. Emp. Boot. Emp. Boot. 

1 0.700 0.700 0.783 0.783 0.944 0.944 0.739 0.739 
2 0.700 0.700 0.739 0.826 0.722 0.750 0.739 0.739 
3 0.800 0.600 0.783 0.804 0.694 0.722 0.783 0.783 
4 0.500 0.400 0.783 0.761 0.611 0.667 0.848 0.870 
5 0.800 0.800 0.804 0.804 0.694 0.694 0.870 0.870 
6 0.400 0.500 0.717 0.717 0.833 0.917 0.848 0.848 
7 0.600 0.500 0.739 0.761 0.528 0.528 0.783 0.783 
8 0.900 0.900 0.848 0.848 0.500 0.500 0.761 0.783 
9 1.000 1.000 0.826 0.826 0.694 0.722 0.848 0.848 

10 1.000 1.000 0.717 0.717 0.778 0.833 0.870 0.891 
11 0.900 0.900 0.717 0.717 0.667 0.833 0.804 0.826 
12 1.000 1.000 0.761 0.783 0.778 0.833 0.761 0.739 
 

4.3 Construct PIs according to the seasonal 
empirical distribution function of residuals 

To take the season-dependant variance of residuals into 
account, we define the seasonal empirical distribution 
function Fε

(m) for the residuals of each month m. Then 
choose the upper and lower p/2-th empirical quantile 
for the nominal coverage (1-p) from Fε

(m) for empirical 
PI construction method, and generate bootstrapping 
samples from Fε

(m) for the bootstrap method, so that we 
construct the PIs considering the seasonal variation in 
variance of the residuals. Table 4 lists the results for 
the streamflow processes with the seasonal variation in 
variance considered. 

Comparing with Table 2, we observe that no sig-
nificant improvement are achieved in terms of PI cov-
erages after considering the seasonal variation in vari-
ance. The values of coverage length are even bigger 
than those without considering seasonal variation in 
variance. However, when we examine the PIs month by 
month, as shown in Table 5 for nominal coverage 80%, 
it is clear that the systematic bias shown in Table 3 dis-
appears, and maximum errors between the nominal 
coverage and actual coverage are reduced, especially 

for the empirical method. For example, for the Umpqua 
River, the range of the difference between the nominal 
coverage and actual coverage with the empirical 
method is –0.148 (= 0.652 – 0.8) to 0.157 (=0.957 – 
0.8) before considering seasonal standard deviation in 
residuals, and shrinks to –0.039 (= 0.761- 0.8) to 0.07 
(=0.870 – 0.8) after considering seasonal standard de-
viation. Therefore, by considering the seasonal varia-
tion in variance of the residuals, more accurate PI  con-
struction is obtained. Figure 3 plots the observed 
discharges during 1991 to 2000 of the Yellow River and 
their upper and lower prediction bounds for 80% nomi-
nal coverage constructed using the empirical method 
considering the seasonal empirical distribution function 
of residuals. At the same time, we should notice that for 
streamflow series, like the monthly streamflow of the 
Ocmulgee, which exhibits no significant seasonal 
variation in variance in the residuals, to construct PI 
according to the seasonal empirical distribution func-
tion of residuals may deteriorate the PI construction re-
sults, because the seasonal empirical distribution func-
tion of residuals are defined with a much smaller 
sample size (for monthly streamflow series, the size is 
reduced to 1/12), which may cause error for PI con-
struction. 
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Figure 3 Observed monthly discharges (1991-2000) of the Yellow River and their 80% upper and lower prediction bounds. 
 

5 CONCLUSIONS 

Interval forecasts are important to supplement point 
forecasts, especially for medium- and long-range fore-
casting, so as to define the predictive uncertainty. 
Whatever sources of forecasting uncertainty may be, 
they will be reflected in residuals and therefore we can 
construct the prediction interval for a specific forecast-
ing model (or method) according to the empirical dis-
tribution function of the residuals, supposing that the 
model (or method) is un-biased, and the hydrological 
process is stationary and long enough. In this study, the 
residual based empirical approach and bootstrap ap-
proach are applied to construct prediction interval (PI) 
for monthly streamflow forecasts. The results show that 
both empirical approach and bootstrap method work 
reasonably well, and empirical approach gives results 
comparable to or even better than bootstrap method. 
Because of the simplicity and calculation-effectiveness, 
empirical method is preferable to the bootstrap method. 
When there is significant seasonal variation in the vari-
ance of the residuals, to improve the PI construction, it 
is necessary to use seasonal empirical distribution func-
tions which are defined by seasonal residuals rather 
than use overall empirical distribution functions which 
are defined by entire residual. 

The result of this study may suggest that for cer-
tain types of model, especially when non-linearities are 
involved (such as neural network models and the near-
est neighbor method), for which theoretical formulae 
are not available for computing PIs, the empirical 
method could be a good practical choice to construct 
prediction interval in comparison with those more data-
demanding and more complicated methods, such as 
ESP (Day, 1985), GLUE (Beven and Binley, 1992) and 
Bayesian method (Krzysztofowicz, 1999). 
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