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Comparison of Bayesian Neural Networks and Artificial Neural

Network to Estimate Suspended Sediments in the RiverS
(Case Study: Simineh Rood)

Mohammad Ali Ghorbani*
ghorbani@tabrizu.ac.ir
Reza Dehghani 2

Abstract
Background and Purpose: Simulation and evaluation of sediment are important issues in water

resources management. Common methods for measuring sediment concentration are generally time
consuming and costly and sometimes does not have enough accuracy.

Materials and Methods: In this research, we have tried to evaluate sediment amounts, using
bayesian neural network for Simineh-Rood, West Azerbaijan, Iran, and compare it with common
artificial neural networks. Monthly river discharge, temperature and total dissolved solids for time
period (1354-1383) was used as input and sediment discharge for output. Criteria of correlation
coefficient, root mean square error and Nash Sutcliff bias coefficient were used to evaluate and
compare the performance of models.

Results: The results showed that three models smart estimate sediment discharge with acceptable
accuracy, but in terms of accuracy, the bayesian neural network model had the highest correlation
coefficient (0.832), minimum root mean square error (0.071ton/day) and the Nash Sutcliff (0.692) and
the bias (0.0001) and hence was chosen the prior in the verification stage.

Discussion and conclusions: Finally, the results showed that the bayesian neural network has great

capability in estimating minimum and maximum sediment discharge values.

Keywords: discharge, Siminehrood, Bayesian Neural Network, Artificial Neural Network
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Figure2. Overview of a three-layer Bayesian neural network
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Table2. Shows the correlation between input and
output
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Table3. Combinations of input parameters Bayesian
neural networks and artificial neural network

Joe oles &9y sbsle =9
) Q) Qs(t)
¥ Q(1),T(t) Qs(t)
Y Q(t),T(t), TDS(t) Qs(t)

1- Cross-correlation



o A3 ot Ay 5B g A lin

b Come Ao & g o9y (20 Glalme polia
2,0 dgzy (Glaalae polie b (nie (as oGS Joe
2 dse Gl YL ColllB (W) Joses 4 axgi b (ioran
slociesy b @ls ol Sl ospis polis 51 (asS
30 2 et oo @l ) ey o) cillas (VERYY)
IS 2w celie iy plaiBl b (s (oras loaSel
slas Gl (2ol el i 5 G (69955 byl )y
oz s 85 Bl eoliul rires 058 o0 aSLD
SXed 23950 @l o bl glo el anl

Dy oo a5l slas alS g lacyjy (950 dinge aS

Lol sals Al v oo 5 gl idu sla eols (5]
LY ojled jlsle 0l o odalin O Jguz ;o a5 jshiles
aiyy 515 o5 5 CCT MDY (Sian s ()5 Gl
s RMSE =-/-g0 ton/day U= cluye oSlke
Cns i o Al po j0e /e o) bl g NS=4/ve
lie gy (20 9 Td (g5lo dnd Sz )i le plo 4
Al 09l oo 0adline O Jouz (0 a5 jghailes gy wales 5
Slrosls aiilys a5 Conl ouliosls proxi o950 (pim smac
Lzl Goigal i slaosls oo 1) (s oo i3

Gl el aseie (-0) JS& 0 &5 uioren (Y ))sles

P emas a8l 3| ool b solisiw! 090 (sla yiol yl o olie -F Jgus

Table4. Used parameters using Bayesian neural network

Epoch | Gradient or

B

Ew Eo bl

Y.

Voo \. -/3344

VAt

VEIES feeeY

(T S0 g g0l Jo 150 30 55kl sla sl g cilize Gla Joo gl ox e (omas a5 gl —0 Jgua
Table5. Shows the results of Bayesian neural network for various models and statistical indicators in the training
and validation

(P o g0l S e U
Bias CC RMSE NS | Bias CcC RMSE NS 4y Y | Hsle | oo
(ton/day) (ton/day) e | ol
[+++%  «JAY¥ of-Y- SFON | —ele e oY IDA- [++) XY | s | e | V0 |
[«++%  JAYF <[+ Y SIFEY | —ele oY < JOAY [++) XYY | s | e | YOV | Y
[«++)  IADY BN A2 EERERR SRV I\ ¢ [++) SXYE | s | e | YAV |Y




3 5 o v 3 . . - . .
)&n.bjdl.))ﬁ ﬂ? ul.uw.?l) NY‘ o)Lo.w e%)hﬁ.‘&bé}’."& 9|05-LE "
400000 450000
50000 4 400000
300000 b %
qé 250000 1
1 200000 r
% 150000 E 1
3 g
T 100000 = v= 0882 + 7300 4
£ 50000 3 . Rf= 0832
0 T 5 0
ennnn L4 7 101316192235383134374043464952 555861646770 =~ o000 200000 400000 saaboo

ol Zuh Al

(tony/dayy et e g, o

(T o ale po 00l g 0010 (Gl (9 e (s A Joo dioty i olie I ol Hlog08 -0 S

Sl g Floalin polio (b STy H1oee (0 Glo) 4 Comd (Fladlice g Fluvlxe polio (I

Figure5. Bayesian neural network model diagram of the optimum values for the recorded data validation phase
a) The values observed and with respect to time b) The scatter plot between estimated and observed value
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a) The values observed and with respect to time b) The scatter plot between estimated and observed value
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Table7. Shows the final results of the training and validation of Bayesian neural network
and artificial neural network
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