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Extended Abstract

Background: Simulation of the rainfall-runoff process for estimating runoff due to rainfall is an
important step in planning and management of natural resources and water resources, especially
in watersheds without hydrometric stations. However, this process has its own complexities and
several affecting factors such as precipitation factors (amount and intensity of rainfall),
vegetation cover (type of cover and cover density), soil factors (soil texture, soil initial moisture,
and permeability), and land management quality. This study aimed to provide a model for
simulating the rainfall-runoff process using artificial neural network (ANN) modeling and
runoff data of field plots.

Methods: The study was executed on a slope at Guilan University using clay-loam soil in a
repetitive way, with paired plots subjected to different vegetation and land management
treatments. The amount of rain was measured after every rainfall using a storage rain gauge.
Runoff values were estimated by plots, and from the difference between precipitation and runoff
values, the initial loss values at the surface of each plot were calculated for each precipitation
event under different soil moisture conditions. The total precipitation of the previous five days
was estimated as the previous soil moisture. Regarding the agronomic management method, two
patterns of plowing in the slope direction and plowing perpendicular to the slope direction were
used and compared to patrolling native rangeland species. The changes in slope, soil texture,
and soil properties were negligible due to the limits of the area, thus soil was not used as an
input affecting runoff. Since the aim was to evaluate the effect of vegetation cover and
agronomic management on runoff production, it was necessary to provide the same conditions
for the level of paired plots to neutralize the effect of soil. To model the obtained data, they
were divided into two categories: educational and subject data. The parameters of runoff values
were considered the output of the model, and the precipitation values, percentage of rangeland
and tree canopy, precious soil moisture, and percentage of leaf litter were regarded as the
optimal inputs of the model. The land slope was estimated by surveying. Vegetation cover and
leaf litter percentages were measured using the ratio of vegetated area to the total plot and
microplot area. It is difficult to quantitatively determine the type of coverage, but the height of
the vegetation was also considered due to the simulation of the effect of raindrops, rain
spraying, and tree foliage .

Results: The amount of reserve was actually very small due to the limited area of plots. Based
on statistical analysis, the rainfall and previous soil moisture factors have a positive relationship
with runoff production. Vegetation and leaf litter have an inverse relationship with runoff
values. Finally, the most important factor in controlling runoff production is vegetation cover
(R2 =-0.71). The highest efficiency in controlling runoff production was observed in a plot with
a rangeland cover of 100% canopy cover. VVegetation somehow determines the amount of leaf
litter and humus in the soil. Tree species have also been limited in controlling runoff reduction,
and if rangeland cover is located under the canopy of trees, it will cause double efficiency in
reducing runoff production. However, there is generally no maximum pasture cover under trees
or forest lands. The results showed that the amount of runoff production can be reduced by up to
10% due to the limited number of trees due to vegetation. In previous studies, this effect of
forest cover varied between 40% of dense forests and sparse forests. The results also show that
both factors of the type of leaf litter and the amount or percentage of leaf cover are influential in
controlling runoff. Regarding the effect of plowing patterns, the results show that plowing and
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strip cultivation in the direction perpendicular to the slope direction lead to a decrease in the
runoff rate, more runoff penetration, more moisture retention in the soil, and better conditions
for vegetation growth and development. Finally, these cases will lead to a significant decrease in
runoff production. A comparison of the measured runoff in these two plots in different
precipitation events has indicated that the plot with plowing and perpendicular cultivation in the
direction of slope after the complete establishment of vegetation can be up to 50% more
effective in reducing runoff production. The results of the trial-error method in the neural
network model indicate that the rainfall values, the type of vegetation cover, and the percentage
of vegetation canopy are the optimal inputs for simulating runoff values. The results also show
that the hyperbolic tangent transfer function and the LM learning technique are the best options
for the optimal structure of networks. Neural network training in two stages showed that the
used model was highly efficient in estimating runoff values. Based on the validation results, the
MLP is an efficient network for simulating runoff values or the rainfall-runoff process.
Moreover, a comparison between the simulated and the observed values of runoff in the
experimental phase showed a good agreement between the simulated and the observed values.
The values of MSE = 0.97, R2 = 0.004 and MSE = 0.91, R2 = 4.2 were obtained in the training
and testing phases of the model, respectively, and, finally, a high-performance model was
presented to simulate the rainfall-runoff process. The result of the modeling process showed that
rangeland cover had the highest efficiency in controlling runoff.

Conclusion: Vegetation characteristics, such as vegetation type and density, are the most
important factors controlling runoff in sloping lands. In addition, land management, cultivation
patterns, and plowing methods are other important factors. Therefore, it is possible to estimate
the total losses and initial loss based on soil characteristics, land slope, and previous soil
moisture and to select suitable cultivation patterns or vegetation types for runoff control or
planting and model their yields during the rainfall-runoff process. A tested model based on the
neural network can also be a tool for estimating runoff values on a monthly and annual scale
based on the precipitation data of meteorological stations. The model can be used to simulate
the effect of different vegetation scenarios on runoff production or to estimate runoff based on
the precipitation of meteorological stations.
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1- The Mean squared error

2- The coefficient of determination

3- The mean absolute error (MAE)


http://dx.doi.org/10.61186/jwmr.15.1.94
https://jwmr.sanru.ac.ir/article-1-1255-fa.html

[ Downloaded from jwmr.sanru.ac.ir on 2024-09-24 ]

[ DOI: 10.61186/jwmr.15.1.94 ]

Yy (F] 5 oM g gpel lale Jedeze

Voo Sgan (as 4Sub g gl o SO ¢S b Sy — )b anl 3 gjluaws

Wme) b bl GAd ol e e alayialil
Oee) Copde 05 g Sl Casb) (LS by,
Olesd oS Gged Jelgs opl Ll )AS,50
G (V) oslesd Joio> p3 9 L0 485 ks > e (slagsg)g
95 S ) jefie Jhe Jalos 5 CUls) lie ()
Sl odlanl b e i ol 0ids &3] (M Y)

ol sy gy laalie plie gy (Stwses
Shaed copd ol 2l sl (lwmlio jaSld
Khan et al., ) cows caslio padls 5 cusl J§ asls
card ASLE o sk ol 5 el (2006
Gl o Ay ) S e desle o oS Staad
13 osliza! (RMSE, MAE)

Dig uoyd sl asl il Sl o cuiS oyl
uwy@mcuw )I b.)l.&w)‘l;j):u»\j M)>9Uml,5 R ’
b sSoil Oy g 5 oy S w4 abs @B Sl Sl S e gaw o dlol Uy,
s 4 Ll sl S o ypoty iy g5 s 92 Pl 079 g5 ol sl e ks AL
0550 S s ol gledl bl Shl I gjleags Ok & Sl gy SUly, e dagil polie
g2 SRR 9 R gl gt Pl Liia - BVA] ol ot @31y (D) B (V) oiless 1ol
@&;bawwwﬁjﬁp}é@bfuwmw)l e (g S sl 03 SLTR) B (1) 0o Joher 52
' by e Sl «oblyy glis)l b laie o bk elisyl L
Cal 03y 39 M haw (g2 sl S5l L
Sblgy =5, auTd 55 3g) 3ol jlew 0,53 Mes ol by

Q’q,@lﬂ

) ) u.su)o L)MJ dl).: b.&.\:}- d)afb)l.kﬂ uua) _O"’)L JJA L_;LD:L_;.)g)s 9 uU9) )J.)IQA -\ J}b
Table 1. Runoff values and inputs of rainfall-runoff model in rangeland plot

oy ,

Skl gy o yd s 5 . s 5

. - . I8t Rad] i alold c e Ao s
ok J 55, 0 <bls) iy o ) SpupY doy rvfI'hiAI)Iage o Land
'?ﬁ::ﬁ;' The last 5 day Rl(llri‘sff Rangeland Tre(ecme)lght Litter distance > slope
r?r.rml ey (cm) Treecanopy  (degree)

40.00 15.50 28.12 9.00 45 20 25 5 0
35.10 0.00 24.45 6.00 45 20 25 5 0
27.00 45.00 31.00 5.00 45 20 25 5 0
23.00 37.00 31.00 4.50 50 20 25 5 0
21.00 53.70 32.10 4.00 45 20 25 5 0
16.80 45.70 32.10 1.00 50 20 25 5 0
14.50 39.20 30.60 0.50 45 20 25 5 0
10.50 25.20 29.70 0.00 50 20 25 5 0
1.50 23.20 31.00 0.00 50 20 25 5 0
0.00 34.00 29.50 0.00 50 20 25 5 0
40.00 15.50 28.12 4.00 100 20 0 0 0
35.10 0.00 24.45 3.00 100 20 0 0 0
27.00 45.00 31.00 0.50 100 20 0 0 0
23.00 37.00 31.00 0.00 100 20 0 0 0
21.00 53.70 32.10 0.00 100 20 0 0 0
16.80 45.70 32.10 0.00 100 20 0 0 0
14.50 39.20 30.60 0.00 100 20 0 0 0
10.50 25.20 29.70 0.00 100 20 0 0 0
1.50 23.20 31.00 0.00 100 20 0 0 0
0.00 34.00 29.50 0.00 100 20 0 0 0
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Table 2. Runoff values and inputs of rainfall-runoff model in the rangeland plot with tree cover

it

. - k gy o )d oa ol o alwold S5 o yd G

ot 8 5,0 =, By iy i) SptY Loy I‘,q"‘i‘l)lage o Land

'?%';i;' The last 5 Rl(1|ri]tc))ff Rangeland Tre(ecrrlf;ght Litter distance =2 slope

da% r:]arlnn)fall Canopy (cm) Tree canopy (degree)

40.00 15.50 28.12 8.00 45 20 25 5 30
35.10 0.00 24.45 5.70 45 20 25 5 30
27.00 45.00 31.00 4.80 45 20 25 5 30
23.00 37.00 31.00 4.20 50 20 25 5 30
21.00 53.70 32.10 3.30 45 20 25 5 30
16.80 45.70 32.10 1.00 50 20 25 5 30
14.50 39.20 30.60 0.40 45 20 25 5 30
10.50 25.20 29.70 0.00 50 20 25 5 30
1.50 23.20 31.00 0.00 50 20 25 5 30
0.00 34.00 29.50 0.00 50 20 25 5 30
40.00 15.50 28.12 3.80 100 20 0 0 50
35.10 0.00 24.45 2.80 100 20 0 0 50
27.00 45.00 31.00 0.40 100 20 0 0 50
23.00 37.00 31.00 0.00 100 20 0 0 50
21.00 53.70 32.10 0.00 100 20 0 0 50
16.80 45.70 32.10 0.00 100 20 0 0 50
14.50 39.20 30.60 0.00 100 20 0 0 50
10.50 25.20 29.70 0.00 100 20 0 0 50
1.50 23.20 31.00 0.00 100 20 0 0 50
0.00 34.00 29.50 0.00 100 20 0 0 50
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Table 3. Runoff values and inputs of rainfall-runoff model in rangeland plot

5t
(S . .
. Ly Mo yd . Lig Moy 5
oht 5 59,0 <y, o Ol gl ey o dlold o 5 ’ I:Ma
Raifall ~ The last5 Runoff s Tree height S sy Tillage distance > o
(mm) ra(ijrg11 all (i Rér;%z(e)lggd (cm) Litter (cm) cz;l;]rggy (dseglr)eee)
(mm)
40.00 15.50 28.12 9.40 25 20 0 50 0
35.10 0.00 24.45 7.10 25 20 0 50 0
27.00 45.00 31.00 5.40 25 20 0 50 0
23.00 37.00 31.00 4.80 25 20 0 50 0
21.00 53.70 32.10 4.20 25 20 0 50 0
16.80 45.70 32.10 2.50 25 20 0 50 0
14.50 39.20 30.60 1.00 25 20 0 50 0
10.50 25.20 29.70 0.40 25 20 0 50 0
1.50 23.20 31.00 0.00 25 20 0 50 0
0.00 34.00 29.50 0.00 25 20 0 50 0
40.00 15.50 28.12 9.00 40 20 0 50 0
35.10 0.00 24.45 6.90 40 20 0 50 0
27.00 45.00 31.00 5.10 40 20 0 50 0
23.00 37.00 31.00 4.40 40 20 0 50 0
21.00 53.70 32.10 3.20 40 20 0 50 0
16.80 45.70 32.10 2.00 40 20 0 50 0
14.50 39.20 30.60 0.00 40 20 0 50 0
10.50 25.20 29.70 0.00 40 20 0 50 0
1.50 23.20 31.00 0.00 40 20 0 50 0
0.00 34.00 29.50 0.00 40 20 0 50 0
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Table 4. Runoff values and inputs of rainfall-runoff model in the bare plot (without any cover)
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Raifall ~ The last5 Runoff e Tree height SpooY Tillage distance > slgpe
(mm) (I R (cm) Litter (cm) canpy  (deqreo)

(mm)
40.00 15.50 28.12 15.00 0 0 0 0 0
35.10 0.00 24.45 12.00 0 0 0 0 0
27.00 45.00 31.00 10.00 0 0 0 0 0
23.00 37.00 31.00 8.00 0 0 0 0 0
21.00 53.70 32.10 6.50 0 0 0 0 0
16.80 45.70 32.10 2.00 0 0 0 0 0
14.50 39.20 30.60 1.00 0 0 0 0 0
10.50 25.20 29.70 0.00 0 0 0 0 0
1.50 23.20 31.00 0.00 0 0 0 0 0
0.00 34.00 29.50 0.00 0 0 0 0 0
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Table 5. Runoff values and inputs of rainfall-runoff model in the rangeland litter plot
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oAk J:3 59,0 <Ly, 5 s €] o s dlold 5 Land
Raifall The last 5 day Rulr]of'f Ra%;?;nd Tree height Sy Tillage distance L_If_‘;g siope
(mm) r?rlrr]ﬁ?)ll (lit) Canopy (cm) Litter (cm) canopy (degree)
40.00 15.50 28.12 8.00 0 0 50 0 0
35.10 0.00 24.45 5.50 0 0 50 0 0
27.00 45.00 31.00 4.80 0 0 50 0 0
23.00 37.00 31.00 4.00 0 0 50 0 0
21.00 53.70 32.10 3.70 0 0 50 0 0
16.80 45.70 32.10 0.80 0 0 50 0 0
14.50 39.20 30.60 0.40 0 0 50 0 0
10.50 25.20 29.70 0.00 0 0 50 0 0
1.50 23.20 31.00 0.00 0 0 50 0 0
0.00 34.00 29.50 0.00 0 0 50 0 0
40.00 15.50 28.12 3.80 0 0 100 0 0
35.10 0.00 24.45 2.70 0 0 100 0 0
27.00 45.00 31.00 0.40 0 0 100 0 0
23.00 37.00 31.00 0.00 0 0 100 0 0
21.00 53.70 32.10 0.00 0 0 100 0 0
16.80 45.70 32.10 0.00 0 0 100 0 0
14.50 39.20 30.60 0.00 0 0 100 0 0
10.50 25.20 29.70 0.00 0 0 100 0 0
1.50 23.20 31.00 0.00 0 0 100 0 0
0.00 34.00 29.50 0.00 0 0 100 0 0
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Table 6. The correlation of runoff values and inputs of the rainfall-runoff model in the rangeland litter plot
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Runoff
1 076 oAl ke
Rainfall
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1 -0.3* -0.32* O Rge)
0.3 0.3 AMC
1 0.0 00 07* <7 Ranceland
Canopy
1 0.75% 0.0 0.0 0.03 Ot £lis)
Tree height
1 072%  -0.56* 0.0 00  -0.23* SrotY Gl
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1 -0.51* 0.56* 0.01 0.0 0.0 0.22* L Joolp
Tillage distance
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Land slope
1 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 Sk cdl,

Soil texture

* Significant relationship (P value <0.05)
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Table 7. The results of training stage in rainfall-runoff modeling using MLP network
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Table 8. The results of test stage rainfall-runoff modeling using MLP network

et lanye (5 Sbes Slaye (1S5ke oSSle

MSE oad oy slla Sllae (slls Min Abs Error Max Abs Error Rsgr
NMSE MAE
e
d))Bl)’. 4.2 0.15 1.6 0.17 5.7 0.91
Estimated
value



http://dx.doi.org/10.61186/jwmr.15.1.94
https://jwmr.sanru.ac.ir/article-1-1255-fa.html

[ Downloaded from jwmr.sanru.ac.ir on 2024-09-24 ]

[ DOI: 10.61186/jwmr.15.1.94 ]

Yy st 5 oM g syl lole Jedezo

V¥ (Sgan (was 45ub g gl peo SO 6554 b Gy, =)k T gjlwans
183
»f‘Ju Runoff
(=) A
2| iy

12

Predicted Values sud (ol and palie

Measured Values | __ .z .8 50l ok

2 T T T
1 4 T 10 13 16 19

22 25 28 31 34 37 . No.

039‘“)1 Al>).o 2 91.3\9) o Lg);o)'l_\il ﬁb‘.a.n 9 (emas AS».w L;J)Bi)i )ﬁJLaﬁ A.wu‘:u =Y L}fm:
Figure 3. Comparison of the predicted and measured values of runoff in the test stage
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