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Extended abstract:

Introduction

Reservoir water quality management is increasingly challenged by climate change, anthtopogenic activities, and
growing water demands, necessitating efficient approaches for monitoring prediction, and optimization. This study
develops an integrated framework for optimizing water quality in Ekbatan Resétvoir by combining the CE-QUAL-
W2 model, an XGBoost-based surrogate model, and the Enhanced Vibrating ParticleSystem (EVPS) algorithm. First,
CE-QUAL-W?2 simulates reservoir water quality, and its outputsitrain the:XGBoost model for rapid prediction of
water quality parameters. Subsequently, EVPS is applied to optimize total dissolved solids (TDS) concentrations and
identify suitable reservoir operation policies. Thellperformance ¢0f EVPS is compared with Particle Swarm
Optimization (PSO) in terms of solution quality, prediction accurac&d computational efficiency. This integrated
framework aims to reduce computational costs while improyving'the accuracy,and efficiency of reservoir water quality
management and operational decision-making.

Materials and Methods

The study developed a three-part framewerk for simulating and eptimizing water quality in Ekbatan Reservoir. First,
the CE-QUAL-W2 model was caljbrated and validated.using/observed data to represent reservoir hydrodynamics and
water-quality processes. Its performance was evaluated using the Nash—Sutcliffe Efficiency (NSE), with reported
values for reservoir storage and water-susface elévation. Second, XGBoost was used to construct a machine-learning
surrogate based on CE-QUAL-W?2 model outputs. The surrogate was intended to provide faster predictions of water-
quality indicators than repeated runs of the process-based model. Its predictive performance was assessed using the
coefficient of determination (R?), mean absolute, error (MAE), and root mean square error (RMSE). Third, the
Enhanced Vibrating Particle'System, (EVPS) algorithm was applied to identify operating policies for reducing TDS.
Its optimization performance was compared with that of Particle Swarm Optimization (PSO). The comparison
consideredithe reported OWVe-ﬁJnction values and computational runtimes, as well as the resulting TDS
congentrations and stabidity of réleased-water quality. Detailed information about the observation period, model inputs
and ‘outputs, optimizatk?n\qcision variables, and constraints was not available in the retrieved sections of the paper.

Results and Discussion

The CE-QUAL-WR model showed strong performance in simulating key reservoir conditions. The reported NSE
values werey0.97for reservoir storage and 0.98 for water-surface elevation, indicating close agreement between the
model simulations and observations for these variables. The XGBoost surrogate also demonstrated good predictive
performance for water-quality indicators, with an R? of 0.9176, an MAE of 1.7012, and an RMSE of 2.5133. These
results support [the use of XGBoost as a surrogate component in the proposed framework, although the available
information does not specify the units of the error metrics or the individual indicators included in the evaluation.

In the optimization comparison, EVPS achieved a reported objective-function value of 0.2340, whereas the
corresponding value for PSO was 88.3333. The runtime of EVPS was 332.21 seconds, compared with 238.79 seconds
for PSO. Thus, EVPS required more computation time in the reported comparison but achieved the more favorable
objective-function result. The operating policies generated by EVPS were also reported to produce lower TDS
concentrations and more stable water quality in the released water than the policies generated by PSO. Taken together,
these findings suggest that the integrated framework can support the identification of effective reservoir operating
policies, while also highlighting a trade-off between optimization performance and runtime.

Conclusion
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This study presents an integrated CE-QUAL-W2-XGBoost—EVPS framework for reservoir water-quality simulation
and operational optimization, with an application to TDS management in Ekbatan Reservoir. The results indicate that
CE-QUAL-W2 can represent key reservoir conditions with high reported NSE values, while XGBoost provides a
surrogate with strong predictive performance for water-quality indicators. Among the two optimization algorithms
evaluated, EVPS achieved a substantially lower reported objective-function value than PSO and produced operating
policies associated with reduced TDS and more stable released-water quality, although its runtime was longer. The
framework offers a potential decision-support approach for evaluating reservoir operating strategies while limiting
reliance on repeated, computationally demanding numerical simulations. Its application to other reservoirs would
require site-specific calibration and validation and a clear definition of the relevant opera'w variables and constraints.

Keywords: CE-QUAL-W2 Model, XGBoost Model, Reservoir Water Quality Optimization, ogate Modeling,
Enhanced Vibrating Particle System (EVPS).
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START
Input historical reservoir water quality data
(model inputs and water quality indices)

v

Data preprocessing and cleaning

v

Machine learning (XGBoost) training
using simulated data (CE-QUAL-W2)
to develop a surrogate model

v

Rapid prediction of water quality indices
(such as TDS) using the XGBoost model

v

Run PSO algorithm:
Generate the initial particle population
(operating scenarios)
and send decision variables to the XGBoost model

v

Evaluate the objective function
based on XGBoost model outputs
(calculate the objective value for each particle)

v

Update particle velocity and position
and update the personal best (pBest)
and global best (gBest)

Check stopping criterion:
Has the convergence criterion or
aximum number of iterations been met?

&

OUTPUT: Extract the best reservoir operation scenario
(water quality optimization)

v

END
Results validation
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Fig 2. Flowchart of the proposed PSO-XGBoost framework for optimizing reservoir water quality
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1: Input: maximum number of iterations (MaxlIt), population size (Npop),
collision memory size (MemSize)

2: Parameters: a, HMCR, PAR

3: Initialization: generate initial population using Eq. (1)

4: iter =1

5: while iter < MaxIt do

6: Evaluate objective function and update memory

7: Compute the damping factor using Eq. (3)

8: for i = 1 to Npop do

9: Select OHB, GP, and BP

10: Generate a random number » ~ U(0, 1)

11: if » < p then

12: | Set w3 = 0 and wy = 1 —w,

13: end if

14: Update the position of the i-th particle using one of Egs. (6-a), (6~-b), or (6-c)

15: Update control coefficients w;, w,, w3

16: Apply the harmony search mechanism to handle boundary constraints
(use HMCR and PAR)

17: end for

18: iter = iter + 1

19: end while
20: Output: the best solution found

[Water reservoirs quality management using meta-heuristic Algorithms: Analysis and ;| 3,5 ,) EVPS i 5981 aSads ¥ S
(optimization of water quality considering uncertainties]

Fig 3. Pseudocode of the EVPS algorithm (adapted from [Water reservoirs quality management using meta-
heuristic Algorithms: Analysis and optimization of water quality considering uncertainties])
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START
Input historical reservoir water quality data
(model inputs and water quality indices)

v

Data preprocessing and cleaning

v

Machine learning (XGBoost) training
using simulated data
(CE-QUAL-W2)
to develop a surrogate model

v

Rapid prediction of water quality indices
(such as TDS) using the XGBoost model

v

Initial values of the population and EVPS algorithm parameters
(population size, memory, coefficients, etc.)

v

Generation of new particle positions by the EVPS algorithm
(BP, GP, OHB selection)

v

Objective function evaluation based on XGBoost model output
(calculation of the objective value for each particle)

v

Update of memory, BP, GP, OHB coefficients,
(PAR, HMCR) and particle positions

v

Check stopping criterion

\ 4

Have the convergence criterion or
the maximum number of iterations
been met?

OUTPUT: Extract the best reservoir operation scenario
(water quality optimization)

v

C Validation of CE-QUAL-W2 results )

v

(. = )
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Fig 4. Flowchart of the proposed EVPS-XGBoost framework for reservoir water quality optimization
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Table 1. Performance comparison of optimization algorithms in setting hyperparameters of XGBoost model
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Fig. 8. (a) Comparison of optimized outlet discharge and (b) comparison of calculated TDS concentration
(horizontal'axis: number of simulation days based on Julian date)

el 00 @] (g3lwa i 050 (gl PSOg EVPS slap, o5 5l Lol> aigy 29,5 20 oo (&) A JSTi o
WDd 35 (6409 po i sy s gase LiglS Lt gyls o st @laicilw adgi 4y 0l 120,68l 50 o 4T wes o lid @l
bs Fosless sz 92 s Slss BVBS, ) 10 38 (cmgme Sgli (B9 99 390 (295 (o Slpss o5 Lol
ol sl 00,8 slogl  2aps 98 3 s aas Al Sl el (B 0 PSO o )6 a5 Jlyo wojls 508 bl
QS el 5 Gt Slsis b b ple(Sal, crwl (slad somine ol s 0 EVPS aS coul ] Sils g4o90

Sl &1 338 2o ls A Balies o Lis | a6l poje ol b Hblie TDS clale ol s (o) A JS
5 Somb polis Jbey GNJSW 5 EVPS 0,68l Lol casns oS 1) 25,5 TDS clale wilawily o )65l g0 j0 oS
ol ot &2 099 oS EVPS g, ;0 TDS Gllwg asls pizmed .ol 00,5 olsul PSO 4 curus 5 5es 1580
Sgs oo 0ddlive (65 i Sllwgi PSO | Jol> mls o a5 Jb o el ol jan 5ok sx5g, b (25,5

5 Jo(IDS clale S5l a5 ols s jlwaige mls bl slaasli by, 90 0,Skee (o5 aslio sy
Gl ool Slo aS el il zals 55 TDS polie Jlae il (] pogdle § 0540 PSO I 50SEVPS
iS4 gboass §oogdle EVPS ooy (o301 5l oolasl a5 ais oo lis ol pl .casl EVPS lassgi caliz] il (51o 10 40
D950 i3 S oyt il o Gloj Sllug alS czrge o295 o e

Lol i (3500 (A5 6510 000 Silmaine i Jo & 0B 025800 50 o a5 was o0 Gl gl o S sboa
3¢5 I PSO &y Cad (550 0 Slae TDS 565 polas 4y Sbcews 5 5kl (6 1o po e slocawlw aSLILEVPS ooy 1631
ot (g5l slp sl IS w92l ol Wlg o EVPS-XGBo0ost oS )5 a5 a2 oo Hlid (65 oyl sl ools lis

.)).5 )‘)3 oalazw! S)g0 )‘..\.tl) k.‘;)“))'.w)'Q‘. Lgl.@wl...u C|).7LH..J| 9 Q)L?bo u]



o—ile 6550k Jows CE-QUAL-W2 a5 - (Seolinsgons Jowo » (e 4 )LSo osrile SO Ghagh ool 5
dosgi SBLST 35 o CoinS lodings 5 cmiiie «5jlodnd Hsliiaas PSO s EVPS (g ISl b (sl 155! s XGBoost
50,8 wald | it bS5 Sealinng s slaail b 5ds slessh el CE-QUAL-W2 s 5 ooliwl i b5, s
L1y Jslre i s oo Eyned el b 513 e 550 i consl 3B Joo ol a5 ol liigeniscoms 5 (2eimsly s
bosls 0 sl o sloiel culls Sy s sla asls uly polie s NSE YU yolie oS gylods Job LB cds
sl rdile (5505 OL I L 3550 (D590
ookl b g <l arwg (350l Joo Ko lyieas XGBOOSE Joo «(gilvainquanl 3 SllaaiB GalS jslaoa,
TNV el oo b Jow ol aS ols lis o Slee ob5 )l gl a5 ool 2568 CE-QUAL-W2' oo slo >3 ,>
cds Sily RMSE s MAE (ol yolie Jlocpwe 3 5 05 e |y Bo puiie ol jid 3 ..\_.a).\\/\/f‘ Sgaz Cal wlgs

wabigleaia gloasl 2 o glwand Joo ) S

Jod BB (g)lo oy slocwlw Zleul 4y ol g, 90 2 aS ols Blis oiEmagy lops ;68 o Slos auslas
as oy ol ko en Judow gl oy lis 055 518 5 o gllagys PSO L a_slie )0 EVPS (0,65 Lol caiz
SFFpe 9 ok etar aulb g allicws Bos w1l Sonbipalie & GiG @l Slle Oloy Sro 5929 LEVPS
s TDS clale 5 iy yials 4y o EVPS §f ol> (618 10 0 eSSl _gparizmen coul 00,5 &l | feuly glad o 1)
5 oS Slaal Gl Jobs 6,85 50 wBeSl (pl YL SUleTSRLeas ol PSO @ o 25,5 o0 Sy wllug ials
Lol 330 51 610 o o shS

Wlg oo 6 )5l 3 slaeis 68 g bl (5, S8k S 58 W s ples] a5 was o lis sl nl s (U5 ebay
s L e o XGBOOSE 5 (i (p B0l JXah;l eolar ol aiS pal b 5 ol ot Copow lp del )5 oex >

Slag b I 55 R slaxilgy » (ISl g 00l5GaelS (g g B (liae ] silmding anl P (Slle (o) (i
J.‘> k.‘;‘)’ ‘5._...:L~o C,‘ﬁﬁ).]a L)“’B) U"‘ AS.A.Q:JGA ul_ma EVPS m...))ai” ).v); J,S.Lo.c ‘)§J°65—~”)‘ Q)sta M‘P |) 6)‘0)30)451
\ oo ol wlie Co e (ot é g oazey Jiluws

\ &l

Abba, S.'1,, Pham, Q. B.,; Malik, A., Costache, R., Gaya, M. S., Abdullahi, J., Mati, S., Usman, A. G., & Saini, G.
(2025). Optim?z%n of extreme learning machine with metaheuristic algorithms for modelling water quality
parameters Jof Tamburawa water treatment plant in Nigeria. Water Resources Management, 39(3), 1377-1401.
https://do1.org/10.1007/s11269-024-04027-z

Almubaidin, M| A. A., Ahmed, A. N., Sidek, L. B. M., & Elshafie, A. (2022). Using metaheuristic algorithms (MHAs)
to optimize water supply operation in reservoirs: A review. Archives of Computational Methods in Engineering, 29(6),
3677-3711. https://doi.org/10.1007/s11831-022-09716-9

Ashofteh, P.-S. and Shakarami, L. (2026). Modeling and optimization of water allocation using a hybrid LSTM—
HHOA approach under climate change conditions. Journal of Drought and Climate Change Research (JDCR), 4(13),
131-158. [In Persian]. https://doi.org/10.22077/jdcr.2025.9958.1165

Bolick, M. M., Post, C. J., Naser, M.-Z., & Mikhailova, E. A. (2023). Comparison of machine learning algorithms to
predict dissolved oxygen in an urban stream. FEnvironmental Science and Pollution Research, 1-22.
https://doi.org/10.1007/s11356-023-27481-5


https://doi.org/10.1007/s11269-024-04027-z
https://doi.org/10.1007/s11831-022-09716-9
https://doi.org/10.22077/jdcr.2025.9958.1165
https://doi.org/10.1007/s11356-023-27481-5

Chen, T., & Guestrin, C. (2016). XGBoost: A scalable tree boosting system. Proceedings of the 22nd ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, 785-794.
https://doi.org/10.1145/2939672.2939785

Cole, T. M., & Wells, S. A. (2015). CE-QUAL-W?2: A two-dimensional, laterally averaged, hydrodynamic and water
quality model (Version 3.71). Department of Civil and Environmental Engineering, Portland State University.
Ghobadi, F., & Kang, D. (2023). Application of machine learning in water resources management: A systematic
literature review. Water, 15(4), 620. https://doi.org/10.3390/w15040620

Hassani, S. Z., Ashofteh, P. S., & Vaez, S. R. H. (2025). Water reservoir quality management using meta-heuristic
algorithms: Analysis and optimization of water quality considering uncertainties. Physicssand Chemistry of the Earth,
Parts A/B/C, 140, 103987. https://doi.org/10.1016/j.pce.2025.103987

Kaveh, A., & Ghazaan, M. I. (2017). A new meta-heuristic algorithm: Vibrating particles system. Scientia Iranica.
Transactions A, Civil Engineering, 24(2), 551-566. https://doi.org/10.24200/SCI.2017.2417

Kaveh, A., Hoseini Vaez, S. R., & Hosseini, P. (2019). Enhanced vibrating particles systemyalgorithm for damage
identification of truss structures. Scientia Iranica, 26(1), 246-256. https://dei.org/ 10.24200/SCI.£5K4265
Kazemnadi, Y., Nazari, M., & Kerachian, R. (2024). Adaptive reservoir operation\considering water quantity and
quality objectives: Application of parallel cellular automata and sub-seasonal streamflow forecasts. Journal of
Environmental Management, 354, 120294. https://doi.org/10.1016/j.jenyman:2024-120294

Kennedy, J., & Eberhart, R. C. (1995). Particle swarm optimization.| In, Proceédings-of the IEEE International
Conference on Neural Networks (Vol. 4, pp. 1942—1948). IEEE. https://doi.org/40.1109/ICNN.1995.488968
Magnabosco, R., A. Godoy, V., & Goémez-Hernandez, J. J. (2026). Review (ﬁ?\\lti—sec‘toral water management
simulation—optimization approaches. Sustainable Water: Resources Management, 12, 19.
https://doi.org/10.1007/s40899-026-01334-8

Mortezazadeh, F., Pourmohammadi, M. H., Khoshnavaz, S., Nohani, E., & Eslami, H. (2026). The use of plain
Hendijan in water resources: optimal method for model exploitatiotﬂggaining objective-multi. Journal of Drought
and Climate Change Research (JDCR), 4(13), 19-40. [In Persiaﬂ&ttps: /deiorg/10.22077/jdcr.2025.9141.1131
Nikoo, M. R., Al Aamri, A., Etri, T., & Al-Rawas, G. (2025). A reviewgof machine learning, remote sensing, and
statistical methods for reservoir water quality | assessment. \Journal of Hydrology, 669, 133323.
https://doi.org/10.1016/j.jhydrol.2025.133323

Nohani, E., Babaali, H., & Dehghani, R. (2026). Estimation of'suspended sediments in the coastal areas of the Caspian
Sea using machine learning technigues undetdrought.conditions. Journal of Drought and Climate Change Research
(JDCR), 4(13), 1-18. https://doi.org/10.22077/jdcr.2025.8983.112'1

Palmer, M. A., Reidy Liezmann, C. A., Nilsson, C., Florke, M., Alcamo, J., Lake, P. S., & Bond, N. (2015). Potential
impacts of climateiehange onireservoir services\and management approaches. Lake and Reservoir Management, 31(4),
321-332. https://dot.org/10:1080/10402381.2015.1107665

Pham, B. T., Thi Bui, K\=F., Prakash, 1., & Ly, H.-B. (2024). Hybrid artificial intelligence models based on adaptive
neuro-fuzzy inference systemyand ‘metaheuristi¢c optimization algorithms for prediction of daily rainfall. Physics and
Chemistry-ofithe EarthgParts A/B/C, 134, 103563. https://doi.org/10.1016/j.pce.2024.103563

ShipyW., Wang, W., Yu, S., L ,L., Zhong, J., Y1, Y., & Li, S.-L. (2024). Influences of hydrodynamics on dissolved
inornganic carbon in deemro ical reservoir: Insights from hydrodynamic model and carbon isotope analysis. Water
Researchy250,¢.21058. https://doi.org/10.1016/j.watres.2023.121058

Shoaei, S. M., Agjmandi, S. A., & Mirbagheri, S. A. (2022). Enhancing the CE-QUAL-W2 to model dissolved lead
transport and transformation in dam reservoirs: A case study of Shahid Rajaei Dam reservoir, northern part of Iran.
Environmental Science and Pollution Research, 29(38), 57860-57872. https://doi.org/10.1007/s11356-022-19889-2
Siadatpour, Sy, A. S., Aghamolaei, Z., Jafari-Asl, J., & Baniasadi Moghadam, A. (2025). A single-objective
optimization of water quality sensors in water distribution networks using advanced metaheuristic techniques. Water,
17(8), 1221. https://doi.org/10.3390/w17081221

Wang, H., Deng, Y., Yang, Y., Lu, J.,, Tuo, Y., Yan, Z., & Chen, M. (2024). Optimization of selective withdrawal
strategy in a warm monomictic reservoir based on thermal stratification. Ecological Indicators, 158, 111294.
https://doi.org/10.1016/j.ecolind.2023.111294


https://doi.org/10.1145/2939672.2939785
https://doi.org/10.3390/w15040620
https://doi.org/10.1016/j.pce.2025.103987
https://doi.org/10.24200/SCI.2017.2417
https://doi.org/10.24200/SCI.2017.4265
https://doi.org/10.1016/j.jenvman.2024.120294
https://doi.org/10.1109/ICNN.1995.488968
https://doi.org/10.1007/s40899-026-01334-8
https://doi.org/10.22077/jdcr.2025.9141.1131
https://doi.org/10.1016/j.jhydrol.2025.133323
https://doi.org/10.22077/jdcr.2025.8983.1121
https://doi.org/10.1080/10402381.2015.1107665
https://doi.org/10.1016/j.pce.2024.103563
https://doi.org/10.1016/j.watres.2023.121058
https://doi.org/10.1007/s11356-022-19889-2
https://doi.org/10.3390/w17081221
https://doi.org/10.1016/j.ecolind.2023.111294

	سیده زهرا حسنی 1، پریسا سادات آشفته 2، *
	چکیده
	مواد و روش‌ها
	مدل CE-QUAL-W2
	منطقه مورد مطالعه
	شکل 3. شبه‌کد الگوریتم EVPS (برگرفته از [Water reservoirs quality management using meta-heuristic Algorithms: Analysis and optimization of water quality considering uncertainties])


  O b j  ( 𝜃 ) =   ∑  i = 1  l (   y  i ,     y ^  i ) +   ∑  k = 1  Ω (   f  k )


  l


    y  i


      y ^  i


  Ω (   f  k )


  Ω  ( f ) = 𝛾 T +  1 2 𝜆    ‖ 𝜔 ‖ 2


  𝜔


  𝛾


  𝜆


    x  i j =   x  m i n j + r a n d × (   x  m a x j −   x  m i n j )


  D =    (   i t e r  M a x I t )  − 𝛼


    x  i  j =   𝜔 1  [ D × A × r a n d 1 +   H B  j ] +   𝜔 2  [ D × A × r a n d 2 +   G P  j ] +   𝜔 3  [ D × A × r a n d 3 +   B P  j ]


  A =  [   𝜔 1 × (   H B  j −   x  i  j ) ] +  [   𝜔 2 × (   G P  j −   x  i  j ) ] +  [   𝜔 3 × (   B P  j −   x  i  j ) ]


  A =  [   𝜔 1 × (   H B  j −   x  i  j ) ] +  [   𝜔 2 × (   G P  j −   x  i  j ) ] +  [   𝜔 3 × (   B P  j −   x  i  j ) ]


    𝜔 1 +   𝜔 2 +   𝜔 3 = 1


    𝜔 1 +   𝜔 2 +   𝜔 3 = 1


    𝜔 1 +   𝜔 2 +   𝜔 3 = 1


    x  i j


    x  m i n j


    x  m a x j


  i t e r


  M a x I t


    𝜔  1 , 2


    𝜔 3


    𝜔 3 = 0


      𝜔 2 = 1 −   𝜔 1


    ∑  i = 1 T     M i 2


     Q De ) ) n


  M A E = 0 . 4   ℃


  M A E = 0 . 54   ℃


  M A E = 0 . 36   ℃


  M A E = 0 . 86   ℃


  M A E = 0 . 8   m g / l


  M A E = 0 . 63   m g / l


  M A E = 0 . 61   m g / l


  M A E = 0 . 42   m g / l

