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Nile Basin Simulation Model Refactoring and Integration
M t - R - f t L - « Original Limitation: Initially designed only for the Evolutionary Multi-Objective Direct Policy Search (EMODPS)
a nag em e n Vla el n o rcem e n ea rn I n g algorithm, it needed to be adaptable to the Multi-Objective Natural Evolution Strategy (MONES) algorithm.
» Refactoring: Developed a comprehensive and adaptive model with the same functionalities. The model can now

Author: Tadas Lukavicius Supervisors: Zuzanna Osika generalize over similar water-management problems and connect to the MONES algorithm.
. o ) . ! Climate-vary Future Data Considerations
t.|UkaVICIUS@StUdEI’It.tUdElft.nl Pradeep Murukannaiah « Data Factors: Consider future changes in water inflows, evaporation, and socioeconomic factors like water demand.

« Uncertainty Projection: Introduced potential more fluctuating climate conditions (droughts, floods) to water inflows,
and water evaporation from reservoirs, as well as considered fluctuating population growth on water demand.
» Execution: Ran EMODPS algorithms with scenarios of two climate outcomes: baseline, which is human-favourable,

. and climate-varying conditions. MONES was only run on climate-varying conditions.
1 |I‘Itl'0d l.ICtIOI‘I 2 ResearCh uestion EMODPS solutions’ analysis
. . . ) q  Evaluation: three solutions were picked from each training: best Ethiopia's power, best-exceeding percentile
* Climate Change Impact: Climate change is causing What is the impact of climate-varying data threshold in terms of individual objectives, and best-exceeding absolute threshold considering all objectives
unp.redl.c.table climate andltlons, affecting wat?r conditions on water management in the Nile combmed. ThPj six solu.tlo.ns were assgssed on.100 z?llmate scenarios from both bgsellne and ghallenglpg climate
availability through events like floods or droughts. This C . conditions, which gave insights according to satisfaction and regret robustness metrics. An overview of this process
Basin via reinforcement learning?

calls for effective management of water resources.
* Multi-Objective Reinforcement Learning (MORL):

is depicted in the image below.
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 Adaptive Decision-Making: Considering different climate /]

scenarios, allows the machine learning algorithm to make :_
better informed policies on previously seen events. '-_
 Nile Basin Simulation: This study uses the Nile Basin as '-_
a case study to simulate water management under ‘._
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Solutions' cross evaluation for Baseline and Hurst climate scenarios
4.0 '

4 Results and Conclusion

o Evaluation results: In both testing scenarios, baseline-trained solutions performed
better than the climate-varying-trained ones. In climate-varying scenarios, overall
optimization was worse than in baseline scenarios. Performance greatly
deteriorated in the evaluation stage compared to training results. The graph on the
right presents the findings of the evaluation of EMODPS solutions.

d e MONES: Successful refactoring of simulation to fit MONES. The algorithm
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different climate scenarios using MORL. A simplified
overview of the simulation can be seen on the
background of the poster.
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I e performed worse than EMODPS, possibly due to insufficient training iterations.
GERD I ““" Further experimentation and hyper-parameter optimization are needed to better
JEPPPTL Lo evaluate MONES efficiency. I
*=== Blue Nile +..... """9' 1  Data representation: There is a need for accurate, recent data to reflect climate

change. Training and testing with diverse climate scenarios is crucial for robust
optimization solutions. This will help real-world decision-makers make climate-
resilient policies in water management.
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o Simulation improvements: The current simulation represents a single line of the R A A A
: ver i Nile, lacking a broader context of other parts of the basin. Research that includ O e
¥  Main river line and direction River inflow ile, lacking a broader context of other parts of the basin. Research that includes & aﬁ P & ﬁ@?" & eﬁ &
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