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Abstract. Accurate streamflow forecasting is critical for effective water re-
source management and flood mitigation. While ensemble forecasting improves ro-
bustness, its potential is often limited by static aggregation techniques that fail to
leverage the dynamic reliability of individual models, often dampening the signal
from the most accurate forecast. This study addresses this gap by presenting and eval-
uating a model-agnostic ensemble framework inspired by decentralized consensus
mechanisms in blockchain technology, designed to enhance forecast accuracy and
robustness. The framework integrates daily predictions from four distinct Long Short
Term Memory models using three dynamic aggregation strategies: Quorum-based
Median Agreement, Skill-Weighted Voting, and Adaptive Leader Selection. For com-
parison, we also evaluate established adaptive ensemble methods, namely Online
Super Learner and Dynamic Model Averaging. The blockchain-inspired strategies
treat each model as an independent node, reaching a collective agreement based on
dynamic performance metrics. To further improve operational reliability, an online,
no-leakage debiasing module was applied as a post-processing step to correct for
systematic forecast errors. Experimental results show that the consensus strategies
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outperform both the individual models, the traditional ensemble average, and the
additional adaptive baselines. After debiasing, the Skill-Weighted Voting approach
achieved the highest overall accuracy with a Kling-Gupta Efficiency of 0.965 and
a Nash-Sutcliffe Efficiency of 0.933, while the Adaptive Leader Selection strategy
proved most robust, attaining the lowest 90th percentile absolute error, thus reducing
the magnitude of large forecast errors. These findings demonstrate that combining a
blockchain-inspired consensus approach with real-time error correction provides a
practical and effective pathway for developing more resilient forecasting models.

Key words: streamflow forecasting, blockchain, consensus mechanisms,
LSTM, bias correction, flood forecasting, model robustness
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AHHOTaluUs. ©O3eH arblHBIH 197 0oMKay Cy pecypcTapblH THUIMII OacKapy
JKOHE CY TACKbIHBIH a3alTy VIIIH ©Te MaHbI3bl. AHCaMONbII OoMmkay CEeHIMALTIK-
Ti apTThIpFaHBIMEH, OHBIH oJieyeTi KeOiHece jKeKke MOJENbIEPiH IMHAMHKAIBIK
CEHIMJIUIIrH NaiiagaHa amMalThIH CTAaTUKAJBIK OIpIKTIPY SAICTepiIMEH IIEeKTeNe ],
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OyJ1 kebiHece CUTHAJIBI €H o1 OomkaMHaH aincipeteni. by 3eprrey Oomkamaapaby
JOIIITT MEH CEHIMJIUTITIH apTThIpyFa apHaJIFaH OJIOKYEHH TeXHOJIOTUACHIHAAFbI OpTa-
JBIKTaHIBIPbUIMaraH KOHCEHCYC MEXaHU3MJIEpiHEeH MIa0bITTaHFaH MOJAENbIIK-arHo-
CTUKAJILIK aHCaMOJIb KYPBUIBIMBIH YCBIHY oHE Oarayiay apKbUIbl OCBhI OJKBUIBIKTHI
XKOsAZbl. BYJT KYpBUTBIM YIIT AMHAMUKAIBIK OIPIKTIPY CTPATeTUSCHIH KOJJTaHA OThI-
pair, TepT Typiai Long Short Term Memory moaensaepiHiH KyYHAETIKTI OomKaMaa-
peiH OipikTipeni: Quorum-based Median Agreement, Skill-Weighted Voting, xone
Adaptive Leader Selection. CanpicTipy yIIIiH, 013 COHIal-aK aHCaMOIbIIH KaJIbII-
TacKaH Oeilimzeny oxictepiH, aran aitkanna Online Super Learner sxone Dynamic
Model Averaging Garanaiimbi3. briokueliHHEH MIaOBITTaHIBIPBUIFAH CTpaTerusap
opOip MoneIbi TMHAMUKAIBIK OHIMIUTIK KOPCETKIMITEPiHE HETI3ENTeH YIKBIMIIBIK
KeJliciMre KoJl JKETKi3€ OTBIPBIN, TOyeJNCi3 TYHiH peTiHae KapacTeipaabl. Omnepaim-
SUTBIK CEHIMIUTIKTI OJTaH opi sKaKcapTy YIIIiH )Kyhesi Ooypkay KaTelepiH Ty3eTy YIIiH
eHJIey/IeH KeliHT1 Kagam petine online no-leakage debiasing Momysni Koi1aHBUIIBL.
DKCIIEPUMEHTTIK HOTHXKETIEp KOHCEHCYC CTpaTerusaphl )KeKke MOJIeIbIep/IEH Jie, aH-
caMOJBAIH ASCTYPIi CTAaTHKAIBIK OpTallay KOpCeTKIIIiHEeH Je, KOChIMIa Odiiciaii-
HJEp JIe achll TYCETiHiH kepcereni. Debiasing MoayniHeH WIbIFapbUIFaHHAH KeWiH
Skill-Weighted Voting Tocimi eH >koFapbl JKalmbl JaJIIKKe Ko skeTkizail, Kling-Gupta
Efficiency 0.965 »xone Nash-Sutcliffe Efficiency 0.933 Bonasl, an Adaptive Leader
Selection cTpaTerusicel €H CEHIMI1 OOJIBIT MIBIKTHI, a0COMOTTI 90-111BI IPOIIEHTHUITB-
JIET1 €H TOMEHT1 KaTeTiKKe KOJ KEeTKi3/11, OChIIaiIa OomKaMIapIarsl YIKSH KaTeik-
TEpJIiH ayKbIMBIH a3aiTThl. bys1 HoTHXKenep OnoKYeHHEeH MIaObITTaHIbIPbUIFaH KOH-
CEHCYC TOCLIIH HAKThl YaKbITTaFbl KaTelep/ll TY3eTyMeH OipIKTipy TYpakKThl OoInKay
MOJIETIBIIEPIH d31pJeyaiH MPaKTUKAJIBIK JKOHE THIMII JKOJIBIH KaMTaMachl3 €TETIHIH
KepceTesi.

TyiiiH ce31ep: 63¢H arbIHBIH OOJIKAY, OJIOKYCIHH, KOHCEHCYC MEXaHU3M/IEPI,
LSTM, 6ypmanaHyabl TY3€Ty, Cy TACKbIHBIH 0OJIXKay, MOJEIbIiH OEpiKTiri
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AunHoTanusi. ToYHOE IPOTHO3MPOBAHUE CTOKA (pacxoyia BOJbI) UMEET pelia-
Io1Iee 3HaYeHue /s 3PPEKTUBHOTO YIPABICHUS BOTHBIMU PECypCaMH M CHUKCHUS
pHiCKa HaBOJHEHUH. XOTsl aHCcaMOJIeBOE TIPOTHO3MPOBAHUE TIOBHIIAET POOACTHOCTH,
€r0 MOTEHIUAl HEPEIKO OTPAaHUYUBACTCS CTATUYCCKUMH METOAAMHU arperupoBaHus,
KOTOPBIE HE YYUTHIBAIOT JMHAMHUYECKYIO HAJICKHOCTh OTJCILHBIX MOJICIICH U 9acTo
IPHUIIYIIAIOT» CUTHAJN OT HanboJiee TOYHOTO MPOrHo3a. B nanHO# paboTe 3TOT pas-
PBIB 3aKPBIBACTCS 3a CUET MPEICTABICHHS U OIICHKH MOJIEIb-HE3aBUCUMOTO aHCaM-
61eBoro GppeiiMBOpKa, BIOXHOBICHHOTO JICTICHTPATN30BAHHBIMUA MEXaHU3MaMHU KOH-
CEHCyCa B TEXHOJIOTHH OJIOKYCHH W TPEHA3HAUYECHHOTO JUTS MOBBIIICHUS! TOYHOCTH
¥ po0AaCTHOCTH MPOTHO30B. DPEeHMBOPK MHTETPUPYET €XKEIHEBHBIC NpPEICKa3aHUs
4eThIpex paznuuHbix Mojeneil Long Short Term Memory, ucrionb3ys Tpy THHAMHYE-
ckue crparerun arperuposanus: Quorum-based Median Agreement, Skill-Weighted
Voting u Adaptive Leader Selection. /11 cpaBHEeHUs TakKe OLIEHUBAIOTCS U3BECTHBIE
azanTuBHBIE aHcaMOneBbie MeToasl — Online Super Learner u Dynamic Model Av-
eraging. CTpaTeruu, BIIOXHOBJICHHBIC OJIOKUEHTHOM, pACCMATPHUBAIOT KXY MOJIEITh
KaK HE3aBUCHMBIH y3ell, MPUXOIANIMNA K KOJUICKTHBHOMY COIVIAIICHWIO HA OCHOBE
JMHAMUYECKMX METPHUK KadecTBa. J[JIsl MaJbHEHIIEro MOBBIIICHUS ONEPAMOHHOM
HAJIGKHOCTH B KauyecTBE IIara MoCcToOpaOOTKU MPUMEHEH MOAYJb I KOPPEKIIUU
CHUCTEMAaTHYECKUX OINMMOOK MPOTHO3a 0€3 YTEYKH NaHHBIX B PEaTbHOM BPEMCHH.
DKCIepUMEHTAITBHBIE PE3YIbTaThl TTOKA3hIBAIOT, YTO CTPATETHMH KOHCEHCYCa PEBOC-
XOIIAIT KaK OTJENIbHBIC MOJICNH, TaK U TPAJUIIMOHHOE aHCaMOJIEeBOE YCPEIHEHHUE, a
TaKXKe JIOTOJIHUTEIbHBIC aJlalTHBHBIC OdicinaitHbl. [locie KoppeKIuu cucTeMaTnye-
ckux ommbok noaxox Skill-Weighted Voting noctur HauBbiciiel o0miei TOYHOCTH
¢ Kling-Gupta Efficiency 0.965 u Nash-Sutcliffe Efficiency 0.933, Torna kak crpare-
rust Adaptive Leader Selection okasanace Hanbosee pobacTHON, 00eCIIeYnB MUHH-
MaJIbHYI0 a0CONIOTHYIO OMIMOKY 90-TO MEepIeHTWISA, TEM CaMbIM CHW)Kas MaciiTad
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KPYTHBIX OMHUOOK MPOTHO3a. DTU PE3YNIbTaThl IEMOHCTPUPYIOT, YTO COYETAHUE KOH-
CEHCyca, BIOXHOBJICHHOTO OJOKYEHHOM, C KOPPEKIHel OMMO0K B pealbHOM BpeMe-
HU SIBIISIETCA MPAaKTUYHBIM U 3((HEKTUBHBIM MyTeM K CO3/IaHHI0 00Jiee YCTOMUNBBIX
MOJIeNIel TPOTHO3UPOBAHHSL.

KiioueBble cjioBa: MPOrHO3MPOBAHHE CTOKA, ONOKYEHH, MEXaHU3MBbI KOH-
ceHcyca, LSTM, xoppekius cMmeleHus, MpOTHO3UPOBaHNE HABOJIHEHUH, pobact-
HOCTBb MOJeJel
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MesxnyHapoaHbIH KypHaT HHHOPMALMOHHBIX U KOMMYHUKAIIMOHHBIX TEXHOJIOTH.
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Kondiukr uHTepecoB: aBTOpPHI 3asBIAIOT 00 OTCYTCTBHUM KOHQIHMKTA
HUHTEPECOB.

Introduction

Accurate and reliable flood forecasting is a cornerstone of modern water re-
source management and disaster mitigation (Solanki et. al., 2025; Wee et. al., 2023).
While artificial intelligence (Al) models have shown considerable promise in hy-
drology (Kratzert et. al., 2018. 6005-6022), their operational reliability can be com-
promised by noisy or anomalous input data, to which single models are particularly
sensitive (Fang et. al., 2022). Ensemble forecasting offers a robust alternative, but
conventional aggregation methods such as static averaging often fail to adapt to the
dynamically changing performance of individual models, potentially dampening the
signal from the most accurate model at any given time.

This study explores a more dynamic approach to ensemble forecasting by
adapting principles from decentralized consensus mechanisms, conceptually like
those used in blockchain technology (Umar et. al., 2025), focusing on the logic of
dynamic, multi-agent agreement rather than a literal implementation of a distributed
ledger or its cryptographic infrastructure. In this framework, individual models act as
independent “nodes”, each proposing a forecast. Rather than being combined through
a static aggregator, the forecasts are integrated using blockchain-inspired dynamic
consensus strategies such as Quorum-based Agreement, Skill-Weighted Voting, and
Adaptive Leader Selection.

A key aspect of this work is not only the application of these methods but also
a detailed evaluation of their behavior and an investigation into their enhancement via
post-processing. This evaluation includes an analysis of the internal behaviors of the
consensus strategies, examining how the ensemble reaches agreement and adapts to
the varying performance of individual models. Furthermore, we explore a potential
enhancement for operational settings by augmenting the consensus output with an
online, no-leakage debiasing technique to correct for systematic errors, with the goal
of creating a more robust forecast.
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Accordingly, this study is guided by the following research questions:

. RQ-1. Can blockchain-inspired consensus mechanisms improve the overall
accuracy and robustness of streamflow forecasts compared to traditional ensemble
averaging, single-model baselines and established adaptive ensemble methods?

. RQ-2. How do the different dynamic consensus strategies such as Quo-
rum-based Agreement, Skill-Weighted Voting, and Adaptive Leader Selection com-
pare in their performance and reliability?

o RQ-3. To what extent does applying an online, no-leakage debiasing tech-
nique to the consensus output further enhance forecast accuracy and reduce system-
atic errors?

This study puts forward a model-agnostic framework enhanced with real-time error
correction, exploring its potential as a practical approach for operational streamflow
forecasting systems. The findings are intended to demonstrate the benefits of adaptive
aggregation in building more resilient hydrological prediction models.

Literature Review

Research at the intersection of blockchain and hydrology is still young but
steadily growing. Two comprehensive reviews of distributed ledger applications in
the water sector conclude that most implementations remain conceptual or lab-scale,
with few operational deployments. Their findings emphasize that current efforts pri-
marily target data integrity, auditability, and multi-party coordination rather than
measurable improvements in forecast accuracy, while also highlighting unresolved
issues such as interoperability and the need for reliable oracles to feed sensor data into
on-chain logic (Satilmisoglu et. al., 2024; Asgari et. al., 2022).

Applications of blockchain in water systems generally fall into three catego-
ries. First, securing end-to-end data pipelines for flood detection and early warning
has been explored through integration with UAV imagery, federated learning, and
homomorphic encryption (Alsumayt et. al., 2023). Low latency alerting systems have
also been tested, where smart contracts trigger warnings in lab settings (Wu et. al.,
2024: 22-25), building on earlier conceptual visions such as the “Smart Dam” (Yasu-
no et. al., 2020: 139-158). Second, blockchain has been applied to ensure trustworthy
ingestion and provenance of hydrometric data, for example through wireless sensor
networks for pollution tracking (Lin et. al., 2020) or permissioned-chain frameworks
for water quality monitoring (Le Thuy et. al., 2025; Vangipuram et. al., 2022). Third,
automation of downstream actions such as insurance payouts and operational alerts
has been studied in feasibility reports and prototype systems (Commonwealth Secre-
tariat, 2022; Xia et. al., 2022). Collectively, these efforts emphasize blockchain as a
back-end infrastructure for data security, integrity, and coordination rather than direct
improvements to forecast accuracy.

In contrast, ensemble forecasting research in hydrology has primarily focused
on improving predictive skill and robustness. Traditional approaches, such as regres-
sion-based model averaging (Williams et. al., 2016) and Bayesian Model Averaging
(Torres et. al., 2024), adapt weights dynamically to changing model performance,
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while newer paradigms such as consensus learning (Magureanu et. al., 2024) extend
these ideas by allowing models to exchange predictions and reach agreement in the
presence of faulty members. In meteorology, feature-oriented ensemble means have
been developed for tropical cyclone forecasting, showing that adaptive aggregation
can both improve track accuracy and better capture storm structure (Zhang et. al.,
2021: 1945-1959). In hydrometeorological settings, deep learning is used not only to
build base models but also as a meta-learner to combine model outputs or to post-pro-
cess them, and in both cases, it often outperforms raw ensemble members and stan-
dard bias-correction baselines (Scher et. al., 2021; Dong et. al., 2025: 2023-2042).

Within hydrology, adaptive aggregation produces robust improvements across
basins and lead times. A large sample Super Learner outperformed equal weighting
and single models for daily streamflow (Tyralis et. al., 2021: 3053-3068). Bayes-
ian Model Averaging has also been demonstrated in operational multi-reservoir in-
flow settings, highlighting its practical feasibility (Torres et. al., 2024). Dynamic,
data-driven weighting, including time-series feature-based dynamic weights imple-
mented within a BMA framework, improves merged forecasts across multiple lead
times and flow regimes (Sheikh et. al., 2025: 1201-1217), which is consistent with a
recent review advocating adaptive forecast-merging in practice (Sheikh et. al., 2024).
Comparative assessments of bias correction and data assimilation further show that
targeted post-processing can yield broad, reliable gains under operational constraints
(Tanguy et. al., 2024: 1-41).

Current literature reveals a clear separation between applying blockchain for
data integrity in hydrology and using adaptive ensembles to improve forecast accu-
racy. The critical gap lies at their intersection: the core consensus mechanisms that
ensure blockchain’s reliability have not been systematically adapted to enhance the
skill of multi-model hydrological predictions.

Our study addresses this gap by applying blockchain-inspired consensus strat-
egies in the Uba River Basin, augmenting them with an online no-leakage debiasing
technique for operational robustness, and conducting an in-depth analysis of how
these strategies function internally. This approach contributes both as a practical
demonstration of consensus-inspired forecasting in a case study of Uba River basin
and methodological insights into how such strategies can be enhanced for operational
robustness.

Materials and Methods

Study Area and Data Description.

The Uba River, a 278 km-long right-bank tributary of the Irtysh River, orig-
inates from the confluence of the White and Black Uba rivers and flows through the
East Kazakhstan. This study focuses on the 8,490 km? upstream catchment draining
to the Shemonaikha gauging station (within the total 9,850 km? basin). The climate is
sharply continental, with extreme temperatures ranging from —50 °C to +40 °C, and
precipitation dominated by snowfall (>60 %), sustaining a persistent winter snow-
pack. The study area is illustrated in Figure 1.
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In this study, we leverage two complementary sources of hydrometeorolog-
ical data. First, we employ the Caravan dataset (Kratzert et. al., 2023), which pro-
vides daily streamflow observations from hundreds of catchments worldwide along-
side basin-mean meteorological drivers derived from ERAS5-Land (Mufoz-Sabater
et. al., 2021: 4349-4383).
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Fig. 1. Study area of Uba River basin with borders and the gauging station

These drivers include precipitation, temperature, evaporation, wind, soil
moisture, and related variables aggregated across each basin. Second, we use
ERAS5-Land reanalysis data directly for the Uba River Basin, extracting pre-
dictors at multiple spatial scales: (i) mean values across the basin, (ii) val-
ues from the exact grid cell containing the Shemonaikha gauge, and (iii) the
full grid of values covering the catchment. The target variable is daily stream-
flow observed at the Shemonaikha gauging station (50.61°N, 81.87°E).

Baseline Models
This study evaluates four LSTM-based models for daily streamflow forecast-
ing in the Uba River basin, each differing in spatial input structure and training scope.
The models are:
e LSTM-L: A lumped, single-basin model trained only on the Uba basin.
e LSTM-Caravan: A lumped, multi-basin model trained on 150 globally distrib-
uted basins, including Uba.
e LSTM-Grid: A gridded model trained on inputs from all grid cells across the
Uba basin.
e LSTM-1-Cell: A single-point model trained on input from only the stream
gauge’s grid cell.
All models were trained on data from 1995-2009 and validated on 2010-2011.
To ensure a fair comparison, the testing period of 2012-2020 used consistent hydro-
logical-year splits across all experiments. Table 1 summarizes the key characteristics
of the four LSTM models used in this study.
These four models serve as the foundational components from which the final
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ensemble predictions are derived. Their varied spatial structures and training scopes
provide a robust and diverse set of inputs for the blockchain-inspired consensus strat-
egies used in this study.

Table 1. Summary of LSTM-Based Baseline Models for Streamflow Forecast-
ing in the Uba River Basin

. . . Sea- Architecture
Spatial Training . Static .
Model Dynamic inputs . sonal and training
setup scope inputs .
scope | configurations

LSTM-L Uba basin . LSTM(256);
Ba- only 39 daily ERAS- 210 Dropout: 0.4;

sin-av- Land variables basin Full Optimizer:

e [T G| e oo | | s | s

LSTM-Car- P van basins E ;)ChS' 50’

avan + Uba P ’
basin
Daily mean/max 2-layer

Ubabasin |t CTE soi Dropout: 05
LSTM-Grid | Gridded | (full spa- P DWESOLL 1y ati- pout 1.5

tial extent) temp (0-7 cm), soil tude/ Optimizer:

moisture (0-7 cm), Lon- Nov- AdamW;

per grid cell ‘tude May LR: 5x1074

Uba basi S LSTM ger cell Batch: 64;

LSTM-1- Single a basin Gal'r(liqebast ; f_ P Epochs: 50

Cell grid cell (gauging 114, but onfy for (best validation

cell only) the gauging cell checkpoint)

Ensemble Baselines

In addition to the four individual LSTM models, three ensemble-based meth-
ods were evaluated to provide a broader comparative framework. These include one
traditional static approach and two adaptive techniques that operate exclusively on
the forecast outputs of the LSTM models. All ensemble methods were applied during
the testing period (2012-2020) and do not involve access to raw meteorological in-
puts or modification of the underlying model parameters.

The Ensemble-Avg (a simple arithmetic mean of the four models), represents
the traditional ensemble approach. This comprehensive suite of baselines allows for
a direct comparison against both high-performing individual models and the standard
approach for ensemble forecasting.

The Online Super Learner (OSL) is an adaptive aggregation method that es-
timates a weighted combination of model forecasts using ridge-regularized linear re-
gression over a rolling window of past observations. The regression is fit without an
intercept and is re-fit on each rolling window. At each time step, weights are updated
by minimizing the regularized prediction error on a recent history of forecast-obser-
vation pairs. An exponential forgetting factor is applied as sample weights on the

This work 1s licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0
lnternational License 30




INTERNATIONAL JOURNAL OF INFORMATION AND COMMUNICATION TECHNOLOGIES 2025. Vol. 6. Is. 3.

windowed observations to emphasize recent data, and the regression coefficients are
subject to non-negativity and unit-sum constraints, enforced through projection onto
the probability simplex.

Dynamic Model Averaging (DMA) extends the Bayesian model averaging by
allowing weights to adapt over time. Model weights are recursively updated at each
time step based on the predictive likelihood of recent residuals. A forgetting factor
(applied via elementwise exponentiation) controls memory decay, and model like-
lihoods (raised to a temperature power) determine the sensitivity of the subsequent
weight update.

Blockchain Consensus-Inspired Ensemble Strategies

A series of consensus-inspired ensemble strategies was designed to combine
predictions from the baseline models, thereby enhancing forecasting accuracy and
reliability. This study examines three alternative consensus strategies:

e Quorum-based Median: A median forecast derived from a quorum of predic-
tions that fall within a defined tolerance envelope.

o Skill-Weighted Voting: A weighted average where each model’s prediction is
weighted based on its historical performance.

e Adaptive Leader Selection: An adaptive approach where a single leader is
selected based on a rolling evaluation of performance. A robust fallback mechanism
is included to ensure stability.

Quorum-based Median. The Quorum-based Median agreement strategy, in-
spired by Byzantine fault tolerance (BFT) principles, produces a consensus forecast
only if enough models agree within the defined tolerance envelope. The initial step
involves determining the median () at time from all baseline model outputs (), which
serves as the central reference point for evaluating agreement. To assess the level of
agreement among predictions, a tolerance envelope is constructed using both absolute
and relative criteria. The absolute deviation is quantified using the Median Absolute
Deviation (MAD), denoted as , which is the median of the absolute differences across
all models. This provides a robust measure of dispersion that is less influenced by
outliers than the standard deviation.

The tolerance threshold, denoted rr, is then defined by combining the MAD
and the magnitude of the ensemble median, as shown below:
7, = max (a - MAD_, B - |m_[)

&)
where @ and £ are predefined hyperparameters controlling the sensitivity to

deviations in absolute and relative terms, respectively. A model prediction *&i agrees
if it falls within this dynamic envelope around the median. The final consensus fore-

cast (j'F ©), is determined by a quorum condition. If the number of agreeing models is

[q - M] q . . M .
at least , where  is the quorum fraction and * is the number of models, the
consensus is defined as the median of agreeing predictions:
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¥, = median{x,; : |xm- — mr| <71,.} (2)

If the quorum is not met, the fallback is the overall ensemble median (1m,),
which ensures a stable output even during periods of low agreement.

Skill-Weighted Voting. The Skill-Weighted Voting method, analogous to
Proof-of-Stake (PoS) protocols, constructs the consensus forecast as a weighted av-
erage of individual model predictions. Each model i is assigned a weight based on its
historical skill score (3;), evaluated with a performance metric. To avoid zero or neg-
ative weights, the scores are floored by a small constant £. The normalized weights

are then defined as:
W — (max(s;,.0)+=)F
i E}"":__.:max[sj,n]+s}??

; €)

where p is the skill power hyperparameter that controls how strongly high-
skill models are emphasized. The consensus forecast at time t is then computed as the
convex combination of the model forecasts:

V. =ZTw, Xie 4)

Adaptive Leader Selection. The Adaptive Leader Selection is a strategy, like
Delegated Proof-of-Stake (DPoS), that dynamically delegates forecasting authority
to the model with the highest rolling skill. This approach leverages the strengths of
the most reliable model while reducing the risk of persistent failures through a robust
fallback mechanism. The leader (L,), is the model that has demonstrated the highest
skill over a defined rolling window (W;(t)). The skill is determined by minimizing a
given error metric. The leader is selected according to the following equation:

L. .= argnttiinj?m (W)’ (5)

where 5::(W) is the skill score of the model * at time t. The consensus fore-
cast is then simply the prediction of the leader:
P =x tLy

(6)

To avoid unstable switching and ensure temporal smoothness, a veto check is

applied. If the leader’s forecast deviates from the ensemble median ; beyond the
tolerance envelope 't, it is vetoed. The condition for this check is as followed:

.ﬁ|xr,.f_-r —m.| = rr, (7)

Here, T+t is the tolerance defined in the Quorum-based Median strategy (Equa-
tion 1). If the condition in Equation (7) is met, the method falls back to a more stable
consensus, such as the overall ensemble median or the median of the agreeing set.
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This robust safety check ensures that the system does not rely on a single, potentially
incorrect, prediction, thereby providing a resilient forecasting strategy.

Experimental Design

The experimental design was structured to systematically address the study’s
research questions by evaluating the performance of the consensus-inspired strategies
against the pre-defined baselines, both with and without a post-processing debiasing
module. Our approach is conceptually inspired by the architecture of a blockchain,
as illustrated in Figure 2. In this framework, each of the four LSTM models is treated
as an independent “node” that provides a prediction for a specific time step. These
predictions are aggregated within a sequential “block” which contains the consensus
mechanism and bias adjustment layers to produce a final forecast for this time step.
These blocks are linked chronologically to form a chain of forecasts.

Block (t-1)

Block (t)

Block (t+1)

Fig. 2. Conceptual framework of the blockchain-inspired consensus forecasting model

While our approach is conceptually inspired by the architecture of a block-
chain, it is important to clarify the limits of this analogy. We adopt the terminology of
“nodes” (individual models) and sequential “blocks” (time-step forecasts) to describe
the information flow, as illustrated in Fig. 2. However, our centralized framework
does not involve cryptographic hashing, a distributed peer-to-peer network, or im-
mutable ledgers. The analogy serves to highlight the process of reaching a reliable
outcome from multiple, independent, and potentially conflicting sources, which is
the core principle we borrow from blockchain’s consensus mechanisms. To test this
framework, the experiment was conducted in two sequential stages, and the outputs
of each stage were evaluated.
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In the first stage, the daily streamflow predictions from the four baseline
LSTM models and the Ensemble-Avg were used as inputs. These forecasts were pro-
cessed by the three consensus-inspired strategies described in this study. Each strate-
gy was applied in a post-training fashion, meaning the internal structure and weights
of the baseline models remained unchanged. The consensus mechanisms relied solely
on the ensemble’s outputs and, for skill-aware strategies, on historical performance
statistics. This stage directly addresses RQ-1 and RQ-2 by allowing for a direct com-
parison of the consensus models’ performance against both the individual models and
ensemble average baseline.

In the second stage, a post-processing debiasing module was applied to cor-
rect systematic errors in the forecasts produced by all individual models, ensemble
average baseline and consensus strategies. This was done to assess the extent to which
an online, no-leakage error correction could enhance operational reliability, thereby
addressing RQ-3. The bias was computed as the rolling mean of recent prediction er-
rors (observed minus predicted streamflow). The corrected forecast was then obtained
through an additive adjustment, as shown:

¥ =y 4 mecm(or_wh i T }’r—wh+1:r]

()

SyLorr

where >t is the bias corrected forecast, ¢ is the original model prediction,
O: is the observed streamflow, and W}, is the length of the debiasing window used to
calculate the rolling mean error.

Each experiment was executed using the same set of input predictions from
the baseline models, allowing for a direct comparison under identical conditions.

Sensitivity analysis

To evaluate the influence of key hyperparameters and support the selection of
final configurations, a sensitivity analysis was conducted to evaluate the effect of key
hyperparameters across ensemble methods, using KGE as the performance metric, as
shown in Figure 3.

The sensitivity analysis revealed three key patterns:

e Temporal adaptivity. Parameters controlling memory and responsiveness had
the strongest impact. Shorter window lengths improved responsiveness across meth-
ods. Optimal values were 10 days for debiasing/adaptive leader selection, 30 days
for OSL, and 90 days for DMA. Forgetting factors were equally important: OSL
achieved its best performance at 0.94, and DMA at 0.992, indicating a preference for
recent observations in dynamic weighting.

e Weighting schemes. Strategies relying on selective model weighting showed
clear trends. In Quorum-based Median, performance improved with increasing agree-
ment threshold, reaching its maximum at ¢ = 1.0, In Skill-Weighted Voting, accu-
racy increased with stronger emphasis on top-performing models, peaking at a skill
power of p = 20.

e Stability parameters. Parameters intended for regularization or smoothing had
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limited influence. OSL’s ridge penalty (‘12) had negligible effect across tested values,
DMA’s likelihood temperature provided only marginal gains, with best performance
at 1.0.
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Fig. 3. KGE-based sensitivity analysis of key hyperparameters across all evaluated methods, red dashed
lines indicate optimal values selected for final experiments

Predictive performance was evaluated using a set of standard hydrological
metrics, each capturing different aspects of forecasting capability. The Nash-Sutcliffe
Efficiency (NSE) was used to assess overall accuracy, where a value of 1 indicates
perfect agreement and 0 reflects performance equivalent to the observed mean. It is
defined as: i .

. Eim 1 (@eim e~ Pobsr)
NSE=1 E?:L(Qubs_t_gubs}s (9)

where @sim . is the simulated streamflow at time t, @ovs,t is the observed
streamflow, and @, is the mean observed streamflow over the evaluation period.

The Kling—Gupta Efficiency (KGE) was applied to provide a diagnostic view
of performance by combining correlation (T), bias ratio (§#), and variability ratio (&):
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KGE=1—(r—1)2+ (—1)*+ (a — 1)* (10)

Systematic errors across the hydrograph were further assessed using Flow
Duration Curve (FDC) biases, focusing on two segments: High-Flow Bias (FHV),
which captures errors in the top 2 % of flows (peak events), and Low-Flow Bias
(FLV), which reflects performance in the lowest 30 % of flows (baseflow conditions).

Results

This section presents a detailed evaluation of the forecasting models, struc-
tured to directly address the study’s research questions. To answer RQ-1 and RQ-2,
we first compare the overall predictive accuracy of the blockchain-inspired consensus
mechanisms against individual models and ensemble baselines. Subsequently, to ad-
dress RQ-3, we assess the enhancement provided by the online debiasing technique,
focusing on improvements in overall accuracy and model reliability by analyzing the
90th percentile of their prediction errors. A comprehensive summary of all perfor-
mance metrics is provided in Table 2 for reference.

Table 2. Summary of Key Performance Metrics for All Configurations

Model Configuration | KGE | NSE | FHV(%) | FLV(%)
Configurations with debias
Skill-Weighted Voting + Debias 0.9658 0.9337 -9.23 -104.87
Adaptive Leader Selection + Debias 0.9633 0.9267 -11.42 516.34
LSTM-Grid + Debias 0.9625 0.9287 -10.52 -05.18
Online Super Learner + Debias 0.9619 0.9279 -11.98 -35.76
Quorum-based Median Agreement 0.9575 0.9306 -14.28 -134.57
+ Debias
Ensemble-Avg + Debias 0.9571 0.9326 -13.27 -92.03
Dynamic Model Averaging + Debias 0.9564 0.9129 7.3 -134.56
LSTM-Caravan + Debias 0.954 0.9101 -7.58 -134.56
LSTM-1-Cell + Debias 0.9368 0.8783 -16.35 84.37
LSTM-L + Debias 0.9361 0.8829 -18.6 -138.46
Configurations without debias

Dynamic Model Averaging 0.9428 0.8866 -13.64 -879.22
Skill-Weighted Voting 0.9393 0.9081 -17.41 -997.3
LSTM-Caravan 0.9304 0.8759 -13.64 -879.22
Adaptive Leader Selection 0.9299 0.9093 19.5 -321.48
LSTM-Grid 09198 0.8997 20.86 121452
Online Super Learner 0.8623 0.8954 -25.89 -560.38
Quorum-based Median Agreement 0.8605 0.8962 -27.5 -525.69
Ensemble-Avg 0.857 0.8985 -26.37 -541.48
LSTM-L 08103 0.8106 327 -172.16
LSTM-1-Cell 0.6884 0.7941 -38.28 100

Overall Performance Analysis
The initial performance of the non-debiased models revealed significant vari-
ability and systemic biases. Among them, Dynamic Model Averaging achieved the
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highest non-debiased KGE (0.943), while Adaptive Leader Selection produced the
best NSE (0.909). However, all original models struggled profoundly with low flows,
exhibiting severe underestimation biases (FLV). This highlighted a fundamental
weakness in the models’ ability to capture the full range of hydrological conditions.
The application of an online, no-leakage debiasing technique leads to a con-
sistent improvement in overall accuracy across all models, as shown in Figures 4 and
5. With debiasing applied, the Skill-Weighted Voting approach achieved the highest
NSE (0.933) and KGE (0.965), while other adaptive ensemble approaches and in-
dividual models also benefited. These results demonstrate that while blockchain-in-
spired consensus methods offer an advantage, their combination with an online error
correction mechanism is essential for achieving robust and superior forecast accuracy.

Performance of all configurations — NSE metric
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Fig. 4. NSE Performance Across All Configurations

Forecast Reliability and Robustness

To assess model reliability and robustness, we analyzed the 90th percentile of
absolute errors (Q90 Absolute Error), which represents the average error of the worst
10 % of predictions. This metric is important for operational forecasting, as it quanti-
fies a model’s tendency for making large, potentially misleading errors.

As shown in Figure 6, the Adaptive Leader Selection + Debias strategy pro-
duced the lowest error in these worst-case scenarios, indicating it is the least likely to
produce extreme forecast errors. In contrast, the individual LSTM models exhibited
the largest errors, highlighting their unreliability in comparison to adaptive ensemble
approaches which are more dependable by minimizing the magnitude of their largest
errors.
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Performance of all configurations — KGE metric
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Fig. 6. Average Error of the Worst 10% of Predictions

Internal Dynamics of Adaptive Leader Selection

Although Skill-Weighted Voting after debiasing delivered the best overall ac-
curacy in terms of KGE and NSE, Adaptive Leader Selection stood out for its ability
to control extreme errors, achieving the lowest Q90 absolute error (Figure 6). To bet-
ter understand the mechanism behind it, we examined its internal behavior. Figure 7
illustrates which of the four baseline models was selected as the “leader” at each time
step throughout the test period.
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Switches between leader models

LSTM_1_cell

LSTM_grid

Model

LSTM_Caravan

LSTM_L_mean

2012 2013 2014 2015 2016 2017 2018 2019 2020

Fig. 7. Leader Model Selection Over Time

While Figure 7 visually shows that the strategy frequently switches its reli-
ance between the different LSTM configurations, Figure 8 quantifies these dynamics
by showing the distribution of leadership durations lengths and number of leader
switches for each model. It shows that LSTM-Caravan and LSTM-Grid were the
most frequently chosen leaders, with other models selected less often, reflecting their
more limited role in the ensemble. Further analysis of leadership duration distribu-
tions highlights that LSTM-Grid not only switched frequently but also sustained lead-
ership for longer periods, as indicated by its wider interquartile range and multiple
long-duration outliers.

This quantitative evidence complements the visual analysis from Figure 7,
suggesting the strategy’s success may be attributed to its ability to rely on generally
robust models as a default, while maintaining the agility to switch to more specialized
models for short bursts when conditions demand it.
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In summary, the results demonstrate that blockchain-inspired consensus mod-
els, particularly when enhanced with a debiasing technique, provide an improvement
over both individual models and traditional ensemble averaging. Skill-Weighted Vot-
ing achieved the highest overall accuracy, while Adaptive Leader Selection provided
the best control of extreme errors, highlighting their complementary strengths.

Discussion

This section delves into the interpretation of the results, directly addressing
the research questions set out in the introduction and exploring the practical implica-
tions of the findings.

In response to our first research question (RQ-1), the results confirm that
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blockchain-inspired consensus models improve both the accuracy and robustness of
streamflow forecasts. As a top-performing approach, Skill-Weighted Voting demon-
strated superior performance in both KGE and NSE against the standard Ensem-
ble-Avg, the individual LSTM models and alternative adaptive ensemble methods.
These findings validate the application of blockchain-inspired consensus principles as
an effective approach for dynamic model aggregation in hydrology.

Regarding the comparison of different consensus strategies (RQ-2),
Skill-Weighted Voting provided the most well-rounded performance, attaining the
highest overall NSE and KGE. Adaptive Leader Selection proved to be the most ro-
bust, achieving the lowest 90th percentile error, making it particularly suited for oper-
ational scenarios where minimizing large errors is critical. An internal analysis of the
Adaptive Leader Selection strategy revealed that its robustness to large errors stems
from its ability to identify consistently strong models as primary leaders, while still
leveraging the strengths of other ensemble members by switching to them as hydro-
logical conditions change.

Finally, addressing our third research question (RQ-3), the study found that
applying an online, no-leakage debiasing technique substantially improved the op-
erational reliability of the forecasts. This post-processing step produced significant
performance gains across all models and consensus strategies. Most importantly, it
corrected the severe systemic biases, particularly the underestimation of low flows,
that were prevalent in the original models, thereby enhancing their robustness for
operational use.

It is important to note that the proposed framework operates entirely as a
post-processing layer on top of daily forecasts already produced by the baseline
LSTM models. As such, the consensus strategies only require combining a handful of
scalar predictions at each time step. This renders the computational overhead negligi-
ble relative to the cost of model inference and data preparation. Since the framework
is model-agnostic and designed to work with any set of base forecasts, its integration
into an operational setting does not introduce latency or scalability concerns. For this
reason, we did not provide a detailed runtime analysis, as computational feasibility is
not a limiting factor for the proposed approaches.

Conclusion

This study investigated the potential of blockchain-inspired consensus mod-
els, augmented with an online debiasing technique, to improve the accuracy and reli-
ability of streamflow forecasting in the Uba River Basin. Through this evaluation, we
found that the blockchain-inspired dynamic aggregation strategies employed in this
study outperform the baseline approaches of traditional static averaging, individual
models, and other established ensemble strategies such as Dynamic Model Averaging
and Online Super Learner.

The primary implication of this work is that principles inspired by decentral-
ized consensus in blockchain technology offer a valuable framework for improving
hydrological forecasting. A key strength of this model-agnostic framework is its flex-
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ibility, it can be applied to any collection of forecasting models, regardless of their
internal architecture. Combining these consensus-driven aggregation methods with
real-time error correction can contribute to creating forecasting systems that are more
accurate, robust, and resilient to the inherent uncertainties of hydrological processes.

Future work should focus on validating the generalizability of this block-
chain-inspired consensus framework across a broader range of catchments with di-
verse hydrological and climatic regimes. Extending the approach to ensembles that
include not only data-driven models but also process-based hydrological models
could provide further enhance robustness under varying conditions. In addition, ex-
ploring a wider range of consensus mechanisms such as hierarchical, trust-based,
or hybrid strategies has the potential to clarify which approaches are most effective
for hydrological forecasting. Extending the framework to multi-basin applications
could involve developing spatially aware skill metrics, where a model’s credibility
in one catchment is informed by its performance in hydrologically similar or adja-
cent regions. Aside from that, the regional models trained on multiple basins using
dynamic and static features could be utilized to form ensemble for this framework.
For deployment in real-time operational systems, a crucial next step is to integrate the
consensus module with live data assimilation workflows, enabling skill weights to
update immediately as new observations become available.
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