Umversnty of Qom

ﬂ ﬁ Water Resources and Climate Change

Online ISSN: 3092-6769

https://wrcc.qom.ac.ir/ w

Short-term water demand forecasting in an urban water distribution
network using an Attention-BiGRU model and temporal feature
engineering: A case study of Isfahan, Iran

Fereidoun Farhadi''“’, Naser Jamal

iZE

1. Ph.D. Student, Head of Water and Civil Department, Yekom Consulting Engineers, Tehran, Iran. E-mail:

fereidoun.farahadi@yekom.com

2. Corresponding Author, Head of Water Transmission Pipelines, Yekom Consulting Engineers, Tehran, Iran. E-mail:

naser.jamali@yekom.com

Article Info

ABSTRACT

Avrticle type:
Research Article

Avrticle history:
Received 29 Apr 2026
Revised 17 Jun 2026
Accepted 23 Jun 2026
Published 30 Jun 2026

Keywords:

Urban Water Demand,
Short-Term Forecasting,
Temporal Feature Engineering,
Deep Learning,
Attention-BiGRU.

Objective: Accurate urban water demand forecasting plays a vital role in water
resources management and the efficient operation of urban water distribution
systems. This study aims to develop an Attention-BiGRU-based model integrated
with temporal feature engineering for short-term forecasting of urban water demand
in Isfahan, Iran.

Method: Monthly water demand data, together with demographic, climatic, and
hydrological variables, were preprocessed and enhanced through temporal feature
engineering before being used to train the proposed model. The forecasting
performance of the proposed approach was compared with ARIMA, SARIMA,
Random Forest (RF), XGBoost, and LSTM models using Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), Mean Absolute Percentage Error
(MAPE), and the coefficient of determination (R?).

Results: The Attention-BiGRU model outperformed the other forecasting models,
achieving higher prediction accuracy, lower error values, and a higher coefficient
of determination. Moreover, the proposed model more accurately captured temporal
trends and seasonal patterns, showing better agreement between the observed and
predicted water demand than the benchmark models.

Conclusion: The findings indicate that integrating an attention mechanism with the
BiGRU network and temporal feature engineering provides an effective approach
for improving short-term urban water demand forecasting. The proposed framework
can serve as a reliable decision-support tool for intelligent water distribution system
management and operational planning.
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Introduction

Urban water demand forecasting plays a vital role in sustainable water resources
management and the efficient operation of urban water distribution systems. Accurate short-
term forecasts help optimize water production, reduce operational costs, improve energy
efficiency, and ensure a reliable water supply. However, water demand is affected by various
demographic, climatic, and seasonal factors, resulting in complex nonlinear patterns that are
difficult to predict accurately.

Traditional statistical models, such as ARIMA and SARIMA, have been widely used for
water demand forecasting but often fail to capture nonlinear relationships and long-term
temporal dependencies. Machine learning methods, including Random Forest (RF) and
XGBoost, improve prediction accuracy by modeling nonlinear interactions; however, their
ability to learn sequential temporal information remains limited.

Deep learning models, particularly Long Short-Term Memory (LSTM) and Bidirectional
Gated Recurrent Unit (BiGRU), have shown superior performance in time-series forecasting.
The BiGRU architecture captures information from both past and future sequences, while the
attention mechanism further enhances forecasting performance by emphasizing the most
relevant historical information.

This study proposes an Attention-BiGRU model integrated with temporal feature
engineering for short-term urban water demand forecasting. Monthly water demand data from
Isfahan, Iran, together with demographic, climatic, and hydrological variables, were used to
develop and evaluate the proposed framework. Its performance was compared with ARIMA,
SARIMA, RF, XGBoost, and LSTM using standard evaluation metrics to assess its
effectiveness for intelligent urban water management.

Method

This study proposes an Attention-BiGRU framework combined with temporal feature
engineering for short-term urban water demand forecasting. Monthly water demand data from
Isfahan, Iran, together with demographic, climatic, and hydrological variables, including
population, air temperature, rainfall, relative humidity, evaporation, reservoir storage level,
river flow, and drought index, were used to develop the prediction model.

The dataset was preprocessed by handling missing values and normalizing all variables to
improve model performance. Temporal feature engineering was then applied to extract
informative time-dependent features, enabling the model to better capture seasonal patterns and
temporal dependencies.

The proposed model employs a Bidirectional GRU architecture with an attention
mechanism to learn sequential information and automatically emphasize the most relevant
historical observations. Its performance was compared with five widely used forecasting
models: ARIMA, SARIMA, RF, XGBoost, and LSTM.
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Model performance was evaluated using Mean Absolute Error (MAE), Root Mean Square
Error (RMSE), Mean Absolute Percentage Error (MAPE), and the coefficient of determination
(R?), providing a comprehensive assessment of forecasting accuracy.

Results

The comparative analysis showed that the proposed Attention-BiGRU model
outperformed all benchmark models in short-term urban water demand forecasting. Compared
with ARIMA and SARIMA, it more effectively captured nonlinear relationships and seasonal
variations, while temporal feature engineering further improved its ability to learn hidden
temporal patterns.

Random Forest and XGBoost achieved better performance than traditional statistical
models but were less effective than deep learning approaches in modeling long-term temporal
dependencies. Although the LSTM model produced satisfactory results, the proposed
Attention-BiGRU generated predictions that were more consistent with the observed water
demand throughout the study period.

The combination of bidirectional sequence learning and the attention mechanism enabled
the proposed model to focus on the most informative historical observations, resulting in more
accurate prediction of both long-term trends and seasonal fluctuations. Accordingly, the
Attention-BiGRU model achieved the lowest MAE, RMSE, and MAPE values and the highest
Rz among all evaluated models.

Overall, the results demonstrate that integrating temporal feature engineering with an
Attention-BiGRU architecture significantly improves short-term urban water demand
forecasting accuracy and provides a reliable tool for intelligent urban water management.

Conclusion

This study presented an Attention-BiGRU-based framework combined with temporal
feature engineering for short-term urban water demand forecasting. By integrating
demographic, climatic, and hydrological variables with engineered temporal features, the
proposed model effectively captured the complex nonlinear relationships and temporal
dependencies inherent in urban water demand data.

The comparative analysis demonstrated that the proposed approach achieved superior
forecasting performance compared with conventional statistical models, machine learning
algorithms, and the LSTM network. The combination of bidirectional sequence learning and
the attention mechanism enabled the model to focus on the most relevant historical information,
resulting in more accurate and stable predictions. These findings indicate that the proposed
framework provides an effective solution for improving short-term water demand forecasting
under varying environmental and operational conditions.

Accurate demand forecasting can support water utilities in optimizing water production,
improving operational efficiency, reducing energy consumption, and enhancing decision-
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making for sustainable water resource management. Therefore, the proposed model has
significant potential for practical implementation in intelligent urban water distribution
systems.

Although the proposed framework demonstrated promising performance, this study was
limited to monthly data from a single urban area. Future research may extend the proposed
approach by incorporating higher-resolution temporal data, additional socioeconomic
variables, and advanced deep learning architectures such as transformer-based models.
Furthermore, evaluating the proposed framework in different climatic regions would provide
additional evidence of its robustness and generalizability.
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Table 2. Model training hyperparameters

Parameter Value

Optimizer Adam

Learning rate 0.001
Batch size 64
Epoch 100
Hidden units 128
Dropout 0.2
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Table 1. Model training hyperparameters
Layer Number Output Activation Description
of shape function
neurons/
filter
Input 10 (10%x24) - 24-hour time
window
Bidirectional 128 (256x%24) tanh 128 units in
GRU each
direction
Attention - (256) Softmax Calculating
time
importance
weight
Dropout - 88(256) Removal rate
0.2
Dense 64 (64) ReLU Extracting
final features
Output 1 1) Linear Forecasting
water
demand for

the next hour
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Table 3. Descriptive statistics of the variables used in this study

Variable Unit Mean Std. Dev. Min Q1 Median Q3 Max
Water 10° m¥month 66.84 8.47 50.12 58.73 66.95 74.28 84.96
Demand
Population Person 5071300 318540 4486000 4821000 5086000 5336000 5648000
Average °C 16.8 8.2 -2.4 9.3 17.1 24.2 32.8
Temperature
Maximum °C 27.6 9.1 8.5 19.8 28.3 354 42.1
Temperature
Rainfall mm 12.8 18.6 0 0.5 42 18.3 118.6
Relative % 394 14.2 14.0 28.0 38.0 50.0 78.0
Humidity
Evaporation mm 178.6 96.3 28.5 91.7 162.9 257.6 418.3
Reservoir % 47.2 16.1 18.5 35.1 46.8 58.3 81.6
Level
River Flow m/s 19.7 114 3.2 10.6 175 26.8 61.4
Drought Dimensionless -0.41 0.88 -2.35 -1.03 -0.36 0.22 191
Index
(SPI/SPEI)
Industrial Dimensionless 101.8 7.9 86.4 95.7 101.3 108.2 118.6
Activity
Index
Agricultural ~ Dimensionless 98.6 12.1 73.5 90.8 98.1 107.4 129.7
Activity
Index
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Figure 4. Monthly trend of water demand during the
study period
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Figure 5. Pearson correlation matrix between the studied
variables
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18- Multicollinearity

Sz wgola i | o of clolis ueolisS o i

el S5l ey Juab 53 ol 5L I 5 el
3 Bpae a5 RS Rl e gles I
Jelse 2t ) o LS 5 (Slosd (S sla i
Pigd oo wgaie (had 6581 Gl osimo JSS

50 odsodlive Gllwgs (gie uad g Xg, i ogdle
cos ol Glolis a5 ams o plis gley slessl Sy
(s e 5 (Sadals s o canldl Jalge 5| (slacgaze 13T
l ple Condy ( SWl e 0 e 0y 3
oz 5l JLSid Bald g il 07035 @2 b
Srae 58l )0zl Crge Wy o0 45 i Lelse
BB S &S Sl QT Jieoe Eso50 (yl gl g,j
S opdle a5 el a5l oolial p3line T glolis
bt bily; siledse 2Uls (Sloy sla Sly
sasl axals 53 ) ke slo e ole

w3 oo ol (Gloy (s Jelod mls g gomme 5
s W, ceailie s adlhe 5y (glaosls a5
S sldae jloslinal cplply 5 Wi gaie fad
ot Slp Wlgie Gedle 550k o 5 S
il colin O slolis

b piis (e (Sad Jodows -Y-Y-¥

O L)l Sz g Ol oy n ssbiien

O3t (S g 0 ool GLOE yr F5e (gl e
TR W) wl.o.: )_)09)1.9 o9y u)‘ Al eols Q,u.aLo.: W(S.’.)‘)}
Ol b bly; plobid GGl (Kien g 5
Halain Jheee ds7y Jloil adsl b)) 5 e yeics
O o 5o Jebow cnl 5l Jol> bl iS00 ool 2 5,

O PR

17- Heatmap



YFe0 Y c)LoJ; Al 0,99 GM/M; uié.:[w

Slyeiie ploo (b 5ed g b3 Ly, gl sl o lag)]
b8 plnil Ol Lol i3e
alies oo o ools do Jow o390l 5l in
©93,9 sleosls eaS b wd S L5 sl i
o2l oo (B30l (sl (crolio Ll g a8l 2ol33]
EOFERNES NS TS P1E ST S IR
5 Loige] dcgesme g0 4 osls da Jaw o, Slee dilaaie

A S 30 3]

‘S)'LNJM 6‘ |y osls djboahT -\-v-¥

polie 0gzg Hhai 5l ooy CuaS (st Al o 0
3,90 6”“’3"" ‘_gLa:‘_g)lf)’LwU 9 Ox 6L°°°‘° odiaS
drosls Como )‘ uL».».QJO‘ )‘ o g.,d)f )‘)5 ey
Sl ol giledae @ln 5l 9sse o S
‘;&)L ‘.‘a.u.»jln oo (amox Jolis 529959 6Lmﬁil.o
Ol slolss g wisg oy sl yate plo 5 JloSis
Al a8 3 s Bas e lgied

b st wlhie OO 50 5l (6 puFol> jolateay
4 oS oo @ 09)5 5l Gy Wosls (jsel T 5
ol el gile by e wles ools wlie
)‘ (omas ‘_Q‘Lﬁdio.w )JGWA LngJ..\A ‘5‘)4 o).vjtb 4.1>).A
ey ial38l Cge g 0l (g0l ; Coonl LSTM alas
S Jos (blae ;0 05d oo Joo S5 Sguge 9 (2], S0
XGBoost 3 (RF) ™ dolas > aile jgmec )0
o] o Shee g &5ls Wnools wlie SAnS Swly
25 05 3 3l i il

9o A o&‘od.(:j,o.?bo 4[.QJ..\.A &)S.Lo.c QS’L’)J 6‘)"
G Sopplo &y az g5 b s ol (59031 5 (23901 (250
g ad b Slaalie Sl iy deesls g
(o5 pl Ho e ,S Clial besls Bolas Hloal>

2oy Yoog baJae bigel (slp Weesls soys Al

20- Random Forest
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Table 4. Comparison of the performance of water
demand forecasting models on test data

Model MAE RMSE MAPE R?
(%)
ARIMA 62.48 81.35 5.91 0.936
SARIMA 56.12 74.84 5.24 0.948
RF 34.76 46.28 3.08 0.978
XGBoost 29.84 39.95 261 0.984
LSTM 19.84 27.92 1.49 0.9963
BIGRU- 18.21 25.73 1.36 0.9972
Attention

]
80 J‘.&
1 I | !
7O | "‘.
AU O
T \i‘ R
4 'r | “ﬂ‘ R
W | o ?
R% \««Hw *
S
iy Vi | i
IRIAS
i !
1 fI X
‘ue “‘ L ¥
b
200 250 300

Figure 6. Comparison of observed and ARIMA-predicted
water demand over the entire study period
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Figure 8. Comparison of observed and RF-predicted
water demand over the entire study period
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Figure 7. Comparison of observed and SARIMA-
predicted water demand over the entire study period
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Figure 9. Comparison of observed and XGBoost-
predicted water demand over the entire study period
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Figure 11. Comparison of observed and BIGRU
Attention-predicted water demand over the entire study
period
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Figure 10. Comparison of observed and LSTM-predicted
water demand over the entire study period
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