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Objective: The objective of this study is to develop a machine learning model for
simulating the nitrate concentration. Simulating and predicting nitrate concentration has
always been one of the most important issues in the field of water resources management.

Method: In this research, after collecting the data, the nitrate concentration data are first
clustered using the JNB, then, an SVR model is used for each cluster. The SFFS algorithm
is used to select the input variables for the model simultaneously with the training process
of this model, then, based on the results of these three models, the average value of the
error indices for the training stage (RMSE = 0.2387, MAE = 0.2236, R?>=0.9874) and test
(RMSE = 0.2474, MAE = 0.2350, R?>=0.9841) are calculated. In this case, the trial and
error procedure is used for this work. In the next step, the HHO algorithm is used to
determine the optimal value of the parameters of the kernel functions. In this case, the
values of R2, MAE and RMSE for the training phase are 0.9961, 0.1169, and 0.1502,
respectively, and their values for the test phase are 0.9845, 0.1308, and 0.9978,
respectively.

Results: Based on the results of this study, firstly, the use of HHO to predict nitrate
concentration can significantly increase the accuracy of the SVR model, secondly, the use
of different machine learning models together can play an effective role in increasing the
accuracy of regression models such as SVR. The results of this study show that the use of
data clustering before developing machine learning models can improve the accuracy of
nitrate concentration prediction. The HHO-SVR hybrid model has performed better in
different clusters with proper selection of kernel function and has provided optimal
results. Also, this study emphasizes that the different statistical characteristics of each
cluster have a significant effect on the performance of the models. Therefore, to more
accurately predict nitrate concentration in groundwater, it is recommended to first cluster
the data and then develop a specific model for each cluster.

Conclusions: The results of this study show that the use of data clustering before
developing machine learning models can improve the accuracy of nitrate concentration
prediction. The HHO-SVR hybrid model has performed better in different clusters with
proper selection of kernel function and has provided optimal results. Also, this study
emphasizes that the different statistical characteristics of each cluster have a significant
effect on the performance of the models. Therefore, to more accurately predict nitrate
concentration in groundwater, it is recommended to first cluster the data and then develop
a specific model for each cluster.
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Introduction

Nitrate is one of the contaminants which can pollute groundwater in different ways. So, we
always try to use accurate methods to simulate and predict its concentration. The objective of
this study is to develop a machine learning model for simulating the nitrate concentration.

Method

In this research, the SVM model is used for simulating the nitrate concentration and Harris
Hawks optimization (HHO) algorithm to determine the parameters of the kernel function of the
SVR model. The linear kernel, RBF, sigmoid and polynomial kernel functions are used to
develop the SVR model. The data used in this study include 1453 water samples (from 2000 to
2020) for each of which the physical and chemical parameters are measured. After performing
the necessary pre-processing including identifying outlier data and correcting incomplete
information to avoid biasing the model, all data are normalized between zero and one. First, all
the data are divided into three clusters using the JNB algorithm, then, a HHO-SVR mode is
developed for each cluster. Based on the results of this study, the HHO-SVR model has the best
performance for the first, second and third clusters with the PK, RBF, and SK kernel functions,
respectively. Based on the results of this study, due to the differences in the results of the HHO-
SVR model in different clusters, it is better to cluster the nitrate data before developing the HH-
SVR model and then develop a model for each cluster because the samples belonging to each
cluster have different statistical characteristics.

Results

Simulating and predicting nitrate concentration has always been one of the most important
issues in the field of water resources management. In this research, after collecting the data, the
nitrate concentration data are first clustered using the INB, then, an SVR model is used for each
cluster. The SFFS algorithm is used to select the input variables for the model simultaneously
with the training process of this model, then, based on the results of these three models, the
average value of the error indices for the training stage (RMSE = 0.2387, MAE = 0.2236,
R2=0.9874) and test (RMSE = 0.2474, MAE = 0.2350, R?=0.9841) are calculated. In this case,
the trial and error procedure is used for this work. In the next step, the HHO algorithm is used
to determine the optimal value of the parameters of the kernel functions. In this case, the values
of R?, MAE and RMSE for the training phase are 0.9961, 0.1169, and 0.1502, respectively, and
their values for the test phase are 0.9845, 0.1308, 0.9978, respectively. Based on the results of
this study, firstly, the use of HHO to predict nitrate concentration can significantly increase the
accuracy of the SVR model, secondly, the use of different machine learning models together
can play an effective role in increasing the accuracy of regression models such as SVR.

Conclusions

The results of this study show that the use of data clustering before developing machine
learning models can improve the accuracy of nitrate concentration prediction. The HHO-SVR
hybrid model has performed better in different clusters with proper selection of kernel function
and has provided optimal results. Also, this study emphasizes that the different statistical
characteristics of each cluster have a significant effect on the performance of the models.
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Therefore, to more accurately predict nitrate concentration in groundwater, it is
recommended to first cluster the data and then develop a specific model for each cluster.
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Variable Unit Mean StDev CoefVar | Minimum Maximum
Na mg/L 26.65 13.91 46.46 1.81 51.50
Ca mg/L 56.48 19.71 33.15 21.63 91.42
Mn mg/L 0.13 0.03 0.61 0.12 0.13
K mg/L 5.33 3.02 47.65 0.66 10.91
Fe mg/L 0.209 0.00 0.28 0.20 0.21
Al mg/L 0.11 0.00 0.40 0.11 0.11

F mg/L 9.19 4.00 40.52 2.60 15.80
Cl mg/L 19.58 10.93 49.73 0.88 38.34
SO4 mg/L 66.39 36.67 52.57 0.95 132.06
CO3 mg/L 1.49 0.78 51.48 0.50 2.46
HCO3 mg/L 230.36 69.71 27.53 107.88 352.80
PO4 mg/L 243 0.73 27.75 1.51 3.35
NO2 mg/L 1.59 0.81 51.07 0.58 2.62
Br mg/L 0.01 0.00 17.34 0.042 0.07
CO2 mg/L 11.15 5.46 48.99 2.15 20.18
WT! c’ 21.27 4.87 2291 12.80 29.59
AT? c’ 25.00 6.65 26.61 13.5 36.39
pH - 6.59 0.04 0.68 6.50 6.67
Alkalinity mg/L 256.50 76.61 29.87 120.06 394.31
TH? mg/L 339.99 148.41 42.34 84.18 596.75
TDS mg/L 291.65 65.34 18.55 166.81 416.62
EC umohs/cm| 636.68 139.25 19.90 395.26 878.08
NO3 mg/L 11.48 1.43 12.51 7.63 13.97

Turbidity NTU 0.80 0.20 23.98 0.43 1.16

Mg mg/L 26.59 11.19 38.29 7.16 45.92

Cowd g 53900 dls po 13 C1-S-SVRIE Jso ob 3, s pad bl mls. € Jous

Training Testing
RMSE | MAE WI EVS KGE R? RMSE MAE WI EVS KGE R?
0.2423 | 0.2389 | 0.9954 | 0.9720 | 0.9781 | 0.9814 | 0.2534 | 0.2407 | 0.9924 | 0.9656 | 0.9744 | 0.9823
Cowd g 3900 dls po 13 C1-S-SVRTE Jite (sl yiol )b dinge ,laiie .0 Jgua
Model Parameter Value
SFFS Best input Combination EC, pH ,TDS, HCO3, SO4
Kernel Function SK
SVR C 0.00894
B 0.05913
Cund g (hjgel da o 43 Cp — S — SVRYfig Jbo (b5l s pad o gl 1 Jgas
Training Testing
RMSE | MAE WI EVS KGE R? RMSE MAE WI EVS KGE R?
0.1489 | 0.1187 | 0.9977 | 0.9926 | 0.9956 | 0.9969 | 0.1304 | 0.0747 | 0.9984 | 0.9967 | 0.9974 | 0.9983

1. Water temperature
2. Air temperature
3. Total hardness
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Model Parameter Value
SFFS Best input combination EC, pH, TDS, HCO3, SO4
HHO Number of search agents 100
Maximum number of iterations 1000
Kernel Function SK
SVR C 0.02691
B 0.5061
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Variable Unit Mean StDev CoefVar | Minimum Maximum
Na mg/L 29.99 16.28 54.31 2.44 57.78
Ca mg/L 59.55 21.62 36.30 22.60 95.98
Mn mg/L 0.10 0.00 0.58 0.099 0.101
K mg/L 6.36 3.59 56.44 0.80 12.86
Fe mg/L 0.21 0.00 0.29 0.20 0.21
Al mg/L 0.12 0.00 0.44 0.12 0.13
F mg/L 9.90 4.31 43.53 2.80 16.98
Cl mg/L 22.00 12.38 56.28 0.99 43.00
SO4 mg/L 70.16 40.20 57.30 1.00 139.00
CO3 mg/L 1.5 0.81 53.15 0.52 2.55
HCO3 mg/L 253.55 70.21 27.69 120.77 389.35
PO4 mg/L 2.68 0.81 30.53 1.66 3.69
NO2 mg/L 1.36 0.69 51.13 0.49 2.22
Br mg/L 0.06 0.01 19.46 0.04 0.08
CO2 mg/L 11.19 5.49 49.12 2.15 20.19
WT c’ 21.24 4.89 23.04 12.85 29.71
AT c’ 25.00 6.632 26.53 13.60 36.41
pH - 7.33 0.05 0.79 7.23 7.42
Alkalinity mg/L 257.04 76.08 29.60 120.32 394.48
TH mg/L 350.15 130.62 37.30 60.76 637.84
TDS mg/L 352.77 93.19 26.42 202.40 503.24
EC umohs/cm| 699.74 355.61 50.82 261.8 1138.90
NO3 mg/L 22.28 4.48 20.11 13.85 32
Turbidity NTU 0.85 0.22 26.21 0.47 1.28
Mg mg/L 29.23 12.39 42.40 8.23 50.60
Cowd g y0jg0] dls po 13 Cp-S-SVRTE' Juo bl sasli gl & Jous
Training Testing
RMSE | MAE WI EVS KGE R? RMSE MAE WI EVS KGE R?
0.2547 | 0.2476 | 0.9904 | 0.9633 | 0.9679 | 0.9816 | 0.2608 | 0.2488 | 0.9884 | 0.9625 | 0.9657 | 0.9801
Cowd g y9j90] dls po ;3 C-S-SVRIEF Juo (51 piol )b diugs jladie .Y+ Jooo
Model Parameter Value
SFFS Best input Comb?nation EC, pH, TDS, HCO3, Cl
Kernel Function RBF
a 0.04196
SVR c 3
Cond 9 05900 dls po 43 Co-S-SVREHO Jdo b)) s pasls s )Y Joas
Training Testing
RMSE | MAE WI EVS KGE R? RMSE MAE WI EVS KGE R?
0.1698 | 0.2476 | 0.1303 | 0.9951 | 0.9924 | 0.9942 | 0.1585 | 0.1299 | 0.9959 | 0.9917 | 0.9940 | 0.9955
Cond 9 05900 Al yo 45 Co-S-SVRERH Jo (g1 yiol )b dingey jladie VY Jguo
Model Parameter Value
SFFS Best input combination EC, pH, TDS, HCO3, Cl
HHO N.umber of search z?gent§ 100
Maximum number of iterations 1000
Kernel Function RBF
SVR a 0.07004
C 4




VFoF Y oyleuls O c)gé‘y/’djjc)eg)dw}&fg‘_;[bdjjw \¥

35

——Observation 32 IR3=0.9816 o
= | ; - ,-5-SVREEF 30 A
Sol i y \ 41 e e
2l HH'»-'% L | Ml | B
E.. A ! (R " ; (o ¥l 3! <'l-, ‘.‘\” = P
1AL U i 5
A A AL LA R TR &
E LA UL TR B 2
g i HI Ml I f ‘li[\l“ ‘ ] ‘ { ( oy ‘ L i ‘, |\ 1 ‘ 1l | ' %20 /
S| U0 0N Ul | h! ) &8 y o
2 16
10 7
0 50 100 150 200 230 300 330 400 15 20 25 30
Samples Measured Nitrate (mg/l)
Ol s CBIE b 8130 53900 Al po 13 Cr-S-SVRER' Jie 3,Shas A JSu5
1z —Observation R = 09501 Ve
= . | — €, -S5VRESF 10 /
= L - | / o | h el -
E \ ! l I ' i.‘-.. /
E I.'n',-' I'. ! - J , Z ' S v e bR
§ i H l: | ! :; a0
E_. [ £ /
z* ’ N
12} -
100 10 20 30 40 R a0 0 50 40 100 1= 20 I5 30
Samples Measured Nitrare (mg'1)
Ol s CBIE Sy b (80 G dls o 3 Co-S-SVREEF Juao 3 ,Shos A JSW5
® —Oberati e /
R —C,-S-SVRper * //
ERUN ' r i <18 /
= B 4
E S ’
= z.
z z ¥ =0.9975% — 1.0056
: =
Fs
= 16 /
1 ek
] 0 100 150 200 250 100 350 400 15 20 23 30
Samples Measured Nitrate (mgT)

Ol e b Sl 5390] Als g 13 Cr-S-SVRERD Je 3,50es .+ JSU5

P 2
35 32 eeg g0z
——Observation 30
—C,-S-SVRhpe
- ' 28
\ 6

[ I
-

¥ =0.9979x = 0.0053

&Y

>
» i I
G
e
—=5
/
e Y
2
=

T
', ,y | 'f \| .’\ / \% ;,‘A\./

Nitrate concentration (mg/l)
Predicted Nitrate (mg/)

- \ ‘A iR I i
’ V I ' AR 20
‘. ". f y ik o ¥ i
v | 18
15 ‘ ' l‘, L)\l
16
10 14
10 20 30 40 50 60 70 80 90 100 15 20 25 30
Samples Measured Nitrate (mg/l)

Ol s CBIE b (8 Canmad dls po 13 C-S-SVREHO Jio 3,5has )Y S5



\0 il 9 (6500 | .. p0 i CBLE (g jluv Juo

pow dugs ¥

odly s (VY) Jgdo )3 a8 caol ¥F/MNA add opl (o ilpns clale bawgio g 5,5 5las pow dulgs 4 bnosls duoyd T
PK LS &b baisss cpl 6l Jdo opl (VY) Jgio ollee g SVREE Jao arwg | Jols gl ol p .ol o
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odls loj sy (VW) 5 (V) cslo S 53 cppioman (C3-S-SVRIE) wloas 03l Lis Jio ol cilisen ol el )y
031y dawgs adgd pl gl SVRypo isu Bl dls e ;5 loais edly lis Jae ol bawgs 0is (gjlwdnss o gl onlie
31y 38bes 52t (C3-S-SVRiifio) aivgs ol slp PK S b b SVRumo s Jmols gl gl s
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Variable Unit Mean StDev | CoefVar | Minimum Maximum
Na mg/L 27.90 14.58 48.62 1.93 53.56
Ca mg/L 57.09 19.70 33.14 21.85 92.63
Mn mg/L 0.09 0.00 3.47 0.02 0.10
K mg/L 6.13 345 54.07 0.78 12.42
Fe mg/L 0.20 0.00 0.27 0.20 0.211
Al mg/L 0.10 0.00 0.41 0.10 0.11

F mg/L 8.89 3.88 39.37 2.52 15.28
Cl mg/L 20.46 11.52 52.40 0.92 39.99
S04 mg/L 62.30 35.63 50.90 0.89 123.71
CO3 mg/L 1.40 0.73 48.32 0.47 2.32
HCO3 mg/L 238.44 75.88 29.92 111.39 364.25
PO4 mg/L 2.53 0.76 28.99 1.57 3.51
NO2 mg/L 2.07 1.06 51.10 0.75 3.40
Br mg/L 0.05 0.00 17.34 0.03 0.07
CO2 mg/L 11.17 5.45 48.85 2.15 20.19
WT c 21.29 4.94 23.22 12.82 29.70
AT c’ 25.01 6.64 26.58 13.56 36.43
pH - 7.17 0.04 0.76 7.08 7.27
Alkalinity mg/L 256.49 82.64 32.22 119.87 391.85
TH mg/L 315.58 155.99 44.48 55.74 575.80
TDS mg/L 334.61 77.94 22.13 191.46 478.42
EC umohs/cm| 698.20 | 564.10 80.80 21.18 1377.29
NO3 mg/L 44.11 8.53 19.34 33.58 70.50

Turbidity NTU 0.80 0.21 26.00 0.44 1.21

Mg mg/L 27.77 11.76 40.24 7.44 48.04

G 5 Lojee] d o 43 C3-S-SVREE Juo obj,) spadls s VY dsas

Training Testing
RMSE | MAE WI EVS KGE R? RMSE MAE WI EVS KGE R?
0.2191 | 0.1843 | 0.1843 | 0.9993 | 0.9970 | 0.9993 | 0.2282 | 0.2156 | 0.9965 | 0.9984 | 0.9963 | 0.9901




VFoF Y o ol O 090 u__:fdyj 0 pg g0 Aib gy o oy9lis

\&

Cowd g jg0] als 5o 13 C3-S-SVRTE Juo (g1 yiolyly dinger Jlaiio V€ Jgu

Model Parameter Value
SFFS Best input Combination EC, pH ,TDS,HCO3, Ca,Na
Kernel Function SK
C 0.0727
SVR I 0.3066
D 4
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Training Testing
RMSE | MAE WI EVS KGE R? RMSE MAE WI EVS KGE R?
0.1319 | 0.1018 | 0.9981 | 0.9958 | 0.9968 | 0.9973 | 0.1217 | 0.0490 | 0.9999 | 0.9997 | 0.9985 | 0.9997
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Model Parameter Value
SFFS Best input combination EC, pH ,TDS,HCO3, Ca,Na
HHO Number of search agents 100
Maximum number of iterations 1000
Kernel Function PK
C 0.01196
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