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ARTICLE INFO  ABSTRACT
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ARDL In recent decades, the increasing frequency and intensity of flood events have become a major
Flood concern in water resources management and environmental planning. Floods are among the most
GARCH destructive natural hazards, causing substantial eC(')n(?mic damage‘, loss Qf life, and 'disruption j[O
MIDAS ecosystems. The challenge of accurately predlctlng runoff is pgﬁlgularly significant in
Regression mountainous watersheds, where complex terrain, heterogeneous precipitation patterns, and rapid

hydrological responses increase uncertainty in modeling processes. Seasonal variability of
rainfall further complicates the prediction of runoff, making it essential to adopt advanced
modeling techniques capable of capturing these dynamics.

Time series

The Bahramjoo watershed in Lorestan Province represents a typical mountainous basin
characterized by seasonal precipitation and considerable variability in hydrological behavior.
Traditional time series models often face limitations when dealing with such variability,
especially when input data are available at different temporal frequencies. In recent years, data-
driven approaches have gained increasing attention due to their flexibility and ability to model
complex relationships without requiring detailed physical assumptions. Among these, the Mixed
Data Sampling (MIDAS) model has emerged as a promising approach for handling mixed-
frequency data, although its application in hydrology remains relatively limited compared to
fields such as economics.

Objectives

The primary objective of this study is to evaluate and compare the performance of three time
series models-MIDAS, Autoregressive Distributed Lag (ARDL), and Generalized
Autoregressive Conditional Heteroskedasticity (GARCH) in predicting seasonal runoff in the
Bahramjoo watershed. Specifically, the study aims to assess the capability of these models in
handling mixed-frequency data, improving prediction accuracy, and preserving the inherent
structure of hydrological time series. Another key objective is to investigate whether the MIDAS
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model can provide a methodological advantage over conventional models by directly
incorporating high-frequency precipitation data into seasonal runoff forecasting.

Materials and Methods

The dataset used in this study consists of seasonal streamflow data and monthly precipitation
records collected from hydrometric and meteorological stations within the study area over the
period 2006 to 2023. A major challenge in the analysis arises from the mismatch in temporal
frequency between the dependent variable (seasonal runoff) and the independent variable
(monthly precipitation). To address this issue, three modeling approaches were implemented. In
the ARDL and GARCH models, monthly precipitation data were aggregated into seasonal
values to match the temporal scale of the runoff data. However, this aggregation process may
result in the loss of valuable information embedded in high-frequency data. In contrast, the
MIDAS model allows for the direct integration of mixed-frequency variables without the need
for aggregation, thereby preserving the original temporal resolution of the data. Each model was
calibrated using historical data and evaluated based on statistical performance metrics, including
the coefficient of determination (R?) and the root mean square error (RMSE). Additionally,
cross-validation techniques were employed to ensure the robustness and reliability of the results.
These evaluation criteria provide a comprehensive assessment of the models’ ability to capture
both the variability and magnitude of runoff.

Results and Discussion

The results indicate that all three models are capable of capturing the general trend of seasonal
runoff variations in the study area. However, significant differences are observed in their
predictive performance. Among the models, the MIDAS approach demonstrates the highest
level of accuracy, with an R? value of 0.82 and an RMSE of 0.61 m*/s. In comparison, the ARDL
model achieves an R? of 0.66 and an RMSE of 0.93 m?/s, while the GARCH model yields an R?
of 0.52 and an RMSE of 0.71 m?/s. The superior performance of the MIDAS model can be
attributed to its ability to incorporate high-frequency precipitation data directly into the
modeling framework. By avoiding temporal aggregation, the model preserves important
information that would otherwise be lost in conventional approaches. Furthermore, the flexible
weighting structure of the MIDAS model allows it to assign different levels of importance to
lagged values of precipitation, thereby capturing delayed hydrological responses more
effectively. The analysis also reveals that the runoff dynamics in the Bahramjoo watershed
exhibit relatively stable behavior with characteristics of long-term memory. Runoff tends to
increase during wet seasons and decrease during dry periods, reflecting the strong influence of
precipitation patterns. The MIDAS model is particularly effective in capturing these seasonal
fluctuations due to its ability to model interactions between variables with different temporal
frequencies.

Overall, the findings highlight the limitations of traditional models such as ARDL and GARCH
when applied to mixed-frequency hydrological data. While these models remain useful in certain
contexts, their reliance on aggregated data reduces their ability to capture fine-scale temporal
variations. In contrast, the MIDAS model provides a more comprehensive representation of the
underlying processes, leading to improved predictive performance.

Conclusion

This study demonstrates that the MIDAS model offers a significant improvement over
conventional time series models in predicting seasonal runoff in mountainous watersheds. Its
ability to integrate mixed-frequency data without aggregation allows for better preservation of
temporal information and enhances model accuracy. The results suggest that MIDAS is a robust
and efficient tool for hydrological forecasting, particularly in cases where input data are
available at different temporal scales.From a practical perspective, the application of the MIDAS
model can contribute to more accurate flood forecasting, improved water resources
management, and more effective mitigation of flood-related risks. The findings of this research
provide valuable insights for hydrologists, engineers, and decision-makers seeking to enhance
predictive capabilities in complex hydrological systems.Future research may focus on extending
the application of the MIDAS framework to other regions and temporal scales, as well as
integrating it with advanced techniques such as machine learning models. Such efforts could
further improve the accuracy and reliability of hydrological predictions and support sustainable
water resources management in the face of increasing climate variability.
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Fig 2. Monthly precipitation data chart for the Bahramjoo basin during the statistical period 2006-2023
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Fig 3. Seasonal runoff data chart for the Bahramjoo basin during the statistical period 2006-2023
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Table 2. Results from estimating the MIDAS model with different weighting functions
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Table 3. Results of prediction accuracy of the MIDAS model

SMAPE MAPE MAE (m?/s) RMSE (m¥/s) B30 &b
YO/AY ARIA I AR Step
YAIYS fN0 BN /79 PDLAImon
YYIZA A\RIAvd «[OY <IEA EXP Almon
Yvies YAIX - I i Beta
YY/AA YY/i#FY <[y i1 U-Midas

Gl bl 4 4z g b coles jo alibse bjow plo a4 cos Jow
U- 200359 &b a8 0,5 (6,8 ams g o ¥ g ¥ Joloz 0 ous
3500 5y 0 ,Shas o Jae plo & Cuns MIDAS Jow 5| Midas
oy 9 O ooy YL GBI b aedS Al e 50 Joe oyl
23l (S B b (i Al e )3 i g 00l hoeS (e
U- 230359 &b qplplo samo o plis 1) gty cdo la>

sl lxe (slod ;o U-MIDAS  Jow a5 sos o L ¥ Jgo

U- Jow @l RMSE jlads ol 1) o, Sles o g (Somiom S8
dln ) slhs ) 2eS samsnlid a5 el +/#Y Ll MIDAS
b 2l Joe opl MAE (izmen Canla g 0 @y 5eSks
o e gl G Sle peS cdmolis a5 cwl /Y
»lp wi 4y 3.0 SMAPE s MAPE  (glo\lrs .0l o bo oo i
Ol yeS omd gl caimolis a5 s YY/AA 5 YY/PY L



vV \f‘fJLw/fo)Lo.,.uY‘()0)50/6))3L~5&J3)M5u'|w‘0=\.\w mp;é&csww
5o oolaiul gl aigy Jow leicay MIDAS Juo 51 MIDAS
Sy Sty 1 sla s
7
~ 6 — Sleelie o0
ay
%.5 eeeccee y-midas
@ 4
£ 3
~
2
1
0
— N N N N N N N N N N N N N — N — N — N — N
ool odoleoleodeoleaeleaeicie oMo seoMeoeodeoleoeolodododololoMoNoNoMCNCNe N4
VN O O >0 0 0N OO O —~—— A A non I 5 VN VO O >0 0 0V DN N © O — —
0 0 0 0 0 0V XV XV XV XXV DN DA DDAy O O OO
R R AR AR RN e R E RO ERERT AR AN ITIES
(Jad)pbo;

U-MIDAS _25:y)9 &6 ULMIDAS Jow b Lad Ollgy ool (Sow st 9 Flodlie sdosld 10405 —F S
Fig 4. Graph of observed and predicted seasonal runoff data with the MIDAS model with the U-MIDAS weighting function

T Ios Al e 18 0uld i g Slaslise sbeesls jlages
0l gy 9 (Slaaline jlogel 50 polie SHo3 w0 ge ol
Joe ool s sams i b IS o e )l g s yo

sloosls sl d—ad Clily, ol pss ooams oy l—ui ¥ S

&lgi 5l oolaisl L MIDAS Jow assgs ooy cim i 5 Sloalis
alys 8,50 5l ol ol aasgil .cwl U-MIDAS 230,55
U- 23039 @ls ol 00l ¥ Jgo> ;0 4S5 MIDAS (545!

IO Py O Ul ol ails milgy plw 4y Sl (65540 9,5Lec MIDAS
(™I Caua Crandy 0ad an Gl 9 A1aldia 1A 8313 LI gad aled® e 0 pius Ofn 9 Sl (gud SAIS) g )3 gal
T : -
6 _:;: 6
a 2N N "a)\“
M |- 1 \} — .
A INQ ' 3 i
= ] "
mE \‘ //\\ \ A . " ’3
=L ’ \ v \ 1 PR [N 4 )
1 ’ \ v W, N I’ \ O
-~ /, ' \/ S o - AN g
~ is ~N| @
| . | 0
45 50 55 60 o 2 3 4 6
(M3/s) il lin sals
A (i iy 9 (1L (1A sala gl
87 T T T T T T T T T

— el oo

[= = el (A Uy o

1388 1389 1390 1391 1392 1393

(o]
1385

1386 1387

Ol

1394

1395 1396 1397 1398 1399 1400 1401

wlg g (T Cxio als> yo ;O MIDAS Jow ool (Som (s g (F1odlio (godld Hloges & JSi
Fig 5. Graph of observational and predicted data of the MIDAS model in the validation and calibration stage
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Table 4. ARDLmodel estimation Results
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Table 5. Results of prediction accuracy of the ARDL model
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Fig 7. Graph of observational and predicted data of the ARDL model in the validation and calibration stage
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Table 6. GARCH model estimation results
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Fig 6. Graph of observed and predicted runoff data series by the GARCH model
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Table 7. Results of prediction accuracy of the GARCH model
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