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Abstract 

 A study focused on long range forecasting of river flows is presented. Two methods, artificial neural net-

works (ANNs) and multi linear regression (MLR) are employed for forecasting with time ranges changing between 

1 day and 17 days. It was seen that the MSE values of ANN for the first 4 time ranges (1, 2 , 3 and 4 days) are 

lower compared with the corresponding MLR ones. For 5 days ahead and further forecasting the MSE values of 

MLR are lower than the ANN ones. The R2 values for the time ranges 1, 2, 3, 4 and 5 days are equal for both 

methods. The MLR method has higher R2 values for time ranges starting with 6 days. 
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Introduction 

River flow forecasting is quite important for hy-

drology. In hydrological problems like flood modeling 

and dam spillway modeling river flow forecasting plays 

a significant role. In the literature the forecasting stud-

ies are based on one step ahead forecasting [1-15] . If 

the inputs of the forecasting model covers the time in-

terval ‘t-1’-‘t-n’ the corresponding output time is ‘t’. 

For example if the time step is ‘day’ the available fore-

casting works are concentrated on ‘one day ahead’ fore-

casting. The long range forecasting, i.e. forecasting for 

output times ‘t+1’,....,’t+n’ is not examined in the liter-

ature. The long range forecasting can shed light to the 

future of the hydrological studies. If the researcher or 

engineer can have information for the future times the 

required precautions and adjustments on the hydrolog-

ical works can be taken in advance. In the presented 

study different forecasting studies are employed for the 

long range forecasting of the selected river flow time 

series. 

Data description 

The daily mean flow data employed in the study is 

provided by the web site of United States Geological 

Survey (USGS). The measurement station name is Rio 

Grande at Otowi Bridge, NM. The station ID is 

08313000. The basin area is 14300 sq.mi. The latitude 

and longitude of the station are 355229 and 1060830, 

respectively. The data record covers the time interval 

between 1955 and 1989. The training period for the 

forecasting is the first 80% of the whole record whereas 

the testing time period consists of the following 20% of 

the data. The basic statistics for the whole record, train-

ing record and testing record are presented in Table 1. 

The mean and standard deviation values of the testing 

period are higher compared with the training period 

(Table 1). The skewness of the training data is higher 

than the testing data (Table 1). The skewness values 

point to the positively skewed marginal probability dis-

tribution for the daily flow record. The first- and sec-

ond-order autocorrelations are quite close to 1 pointing 

to the strong internal dependence of the data (Table 1). 

Table 1. The description of the data statistics. 

 Whole data Training data Testing data  

Mean,xm, (m3/s) 39.18 34.54 57.75 

Standard deviation, sx, (m3/s) 42.43 37.12 55.30 

Skewness, csx  2.73 2.95 2.0 

1st order autocorrelation, r1 0.99 0.988 0.994 

2nd order autocorrelation, r2 0.978 0.974 0.985 

The forecasting results 

In the presented study two forecasting methods are 

used. The first one is an artificial neural network 

(ANN) method, the feed forward back propagation 

method (FFBP). The details of this method is available 

in the ANN literature [3-7]. The second method is a sta-

tistical method, i.e.the multi linear regression (MLR) 

method. For the ANN simulations the ANN toolbox of 

the MATLAB software is employed. The statistics 

toolbox of the EXCEL was used for the MLR compu-

tations. Two statistics are selected for the evaluation of 

the testing stage forecasting results, i.e. the mean square 

error (MSE) and the determination coefficient (R2). 

The input range of the ANN architecture consti-

tuted of 10 previous daily flows (times: t-10, t-9, t-8, t-

7, t-6, t-5, t-4, t-3, t-2, t-1). The ANN had one hidden 

layer. The unique output of the ANN output layer cor-

responds to the future daily flow (time: t, t+1, t+2,........, 

or t+16). Similarly the MLR had 10 independent varia-

bles representing 10 previous daily flows and one de-

pendent variable for the future time range. The MSE 
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and R2 statistics for the testing data for 17 different fu-

ture time ranges are presented in Table 2. 

Table 2. Testing data forecasting statistics for ANN simulations and MLR for different time ranges. 

Time range (days) MSE (m6/s2) 

(ANN) 

MSE (m6/s2) 

(MLR) 

R2 (ANN) R2 (MLR) 

1 27 30 0.99 0.99 

2 89 92 0.97 0.97 

3 168 169 0.94 0.94 

4 247 259 0.92 0.92 

5 428 355 0.88 0.88 

6 442 449 0.84 0.85 

7 598 542 0.81 0.82 

8 673 633 0.78 0.79 

9 871 720 0.72 0.76 

10 921 805 0.71 0.74 

11 1082 885 0.66 0.71 

12 1195 961 0.63 0.69 

13 1338 1033 0.59 0.66 

14 1311 1101 0.59 0.64 

15 1377 1162 0.57 0.62 

16 1465 1220 0.54 0.61 

17 2198 1272 0.4 0.59 

The MSE values of ANN for time ranges 1, 2 , 3 

and 4 days are lower compared with the corresponding 

MLR ones (Table 2). Starting with the time range 5 (5 

days ahead, t+4) the MSE values of MLR become 

lower than the ANN ones. The R2 values for the time 

ranges 1, 2, 3, 4 and 5 days are equal for both methods. 

The deviation between R2 values of two methods start 

from time range 6 on in the favour of MLR method. The 

lowest R2 values are obtained for time range 17 days 

(t+16) for the testing stage (R2=0.40 for ANN, R2=0.59 

for MLR, Table 2). The variation of MSE and R2 values 

with respect to different time ranges for both the ANN 

and MLR methods are shown in Figs. 1 and 2. 

 
Fig.1. The variation of MSE values with respect to time range (days) for ANN and MLR methods. 
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Fig. 2. The variation of R2 values with respect to time range (days) for ANN and MLR methods. 

 

The graphics for the scatter plots obtained with 

both methods for time ranges 1, 4 and 10 days (t, t+3 

and t+9) are plotted in Figs. 3, 4, 5, 6, 7, 8.  

 
Fig.3. The scatter plot for ANN predictions for time range 1 (1 day). 
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Fig.4. The scatter plot for MLR predictions for time range 1 (1 day). 

 

 
Fig.5. The scatter plot for ANN predictions for time range 4 (4 days). 

 
Fig.6. The scatter plot for MLR predictions for time range 4 (4 days). 
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Fig.7. The scatter plot for ANN predictions for time range 10 (10 days). 

 
Fig.8. The scatter plot for MLR predictions for time range 10 (10 days). 

 

In the case with time range 1 day the scattering is 

quite limited for both ANN and MLR methods with R2 

values nearly equal to 1 (Figs. 3 and 4). As time range 

increases to 4 days the scattering becomes obvious with 

R2=0.92 for both methods (Figs. 5 and 6). The time 

range 10 days shows noticeable dispersion with slightly 

higher R2 for MLR (Figs. 7 and 8).  

Discussion and conclusion 

The presented study examined the performance of 

two methods, i.e.ANN and MLR, for long range fore-

casting. The time range varied between 1 day and 17 

days. It was seen that the MSE values of ANN for the 

first 4 time ranges (1, 2 , 3 and 4 days) are lower com-

pared with the corresponding MLR ones. For 5 days 

ahead and further forecasting the MSE values of MLR 

are lower than the ANN ones. The R2 values for the 

time ranges 1, 2, 3, 4 and 5 days are equal for both 

methods. The MLR method has higher R2 values for 

time ranges starting with 6 days. The long range fore-

casting study can be considered as a beneficial tool in 

water resources studies like dam spillway management. 

As well known the dam spillway is one of the most sig-

nificant parts of the dam structure. The performance of 

the spillway can be controlled if information is availa-

ble for the future flows in the coming time intervals 

(days in the presented study). The potential damage on 

such a dam structure due to an excessive increase on 

the entering flow can be prevented or decreased with an 

effective forecasting strategy.  
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