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Outline

ÅIntroduction & Motivation 
ÅEarth SystemsModelsComplexity
ÅDiscovering Unknown Dynamics 
ÅLearning Nonlinearity
ÅReducingHigh-Dimensionality
ÅGlimpse of Koopman Operator Theory  
ÅApplications 
ÅIrrigationScheduling(Field Scale, Canal-Command Scale, Basin Scale) 
ÅCryosphere Monitoring (Seasonal Snowfall, Glacier Surging)  
ÅStreamflowPrediction (Flood Early Warning, Seasonal release planning) 
ÅGroundwater Management (Sustainability) 



Joint Work with:

ÅPhD students 
ÅHamza Rafique 

ÅHassaanAhmad 

ÅAhmadHaseebRabbani

ÅResearchAssociates
ÅHaseebAhmad

ÅUndergraduate Students
ÅHarisRathore

ÅAli AnserJaffri 



What I will not cover today:

ÅAgricultural robotics (UAVs, UGVs, USVs) (with Dr. H. Jaleel, Dr. M. Taj)  

ÅIntegratedAssessmentModeling / Climate Change Governance (with 
Dr. M. Awais) 

ÅSocio-hydrological Systems Analysis (with Dr. Talha Manzoor)

ÅHydro-metereologicalsensor networks / Edge AI (with Z. Ahmad, 
Farhan Ammar) 

ÅFlood Early Warning, Farmer Advisory services (with Ali A. Abbas, 
xWIT) 



https://www.climateurope.eu/earth-system-modeling-a-definition/





https://www.geo.fu-berlin.de/en/v/iwrm/Implementation/water_and_the_physical_environment/water_cycle/index.html



Irrigation Intensity in the Indus Basin

Global Map of Irrigation Areas (Version 5, 2013)
Source: FAO.2024 AQUASTAT Core Database (accessed 17 May 2025)
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Indus Basin supports a high 
proportion of irrigated areas



Irrigated Agriculture in a Desert Environment

https://theconversation.com/technologies-will-tackle-irrigation-inefficiencies-in-agricultures-drier-future-40601



Irrigation ModifiesEarth System Dynamics 

https://doi.org/10.1038/s43
017-023-00438-5





Water-Balance in the Root Zone 

Surface Water Balance Model

ὲsoil porosity, ὤ root zone height

Ç Surface Gains

Ὅirrigation,Ὑ—ὸȟὸeffective rainfall rate

Ç Surface Losses

Losses due to Evapotranspiration Ὁ—ὸ and 
deep percolation ὒ—ὸ

14



Energy Balance 

Evaporation + Transpiration = Evapotranspiration

Surface Energy Balance (SEB) Models

‗ὉὝ Ὑὲ Ὃ Ὄ

‗ὉὝ- Residual/ latent heat flux (ὡȾάς)

Ὑὲ - Net incoming radiation (ὡȾάς)

Ὃ- Soil Heat flux (ὡȾάς)

Ὄ- Sensible heat flux (ὡȾάς)
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Deep Percolation: Gravity-driven water leakages below the crop rootzone

Leakageto Groundwater

—ςsoil moisture at wilting point
ὑςsaturated hydraulic conductivity (m/s or 
cm/day)
ʇςpore sizes distribution index 

— ςsoil moisture at field capacity
ɼςmodel parameter
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Brocca, L., F. Melone, and T. Moramarco. "On the estimation of antecedent wetness conditions in rainfallςrunoff modelling." Hydrological 
Processes: An International Journal22.5 (2008)

Laio, Francesco, et al. "Plants in water-controlled ecosystems: active role in hydrologic processes and response to water stress: II. Probabilistic 
soil moisture dynamics." Advances in water resources 24.7 (2001)

Hydraulic conductivity drops sharply 
as soil dries  

Losses are maximum when the soil is 
fully saturated.



Note: 

ÅPrimary challenges related to Earth Systems Dynamics 
ÅThey are highly nonlinear.

ÅThey are extremely high-dimensional. 

ÅTheyare mostly unknown. 

ÅIf we discover ESD, we use them for: 
ÅInterpretation 

ÅPredictions / forecasts 

ÅOptimization & Control 
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Example: Soil Moisture Modeling 

Å1200 Acres / 485 hectares

ÅRabi Season 
Å1 December: 23 ς30 April, 24

Å100 acres Wheat

Å25 acres subplots

19



SEBAL Soil Moisture Estimates

ÅSEBAL
ÅTop Surface Soil Moisture

Å08-12-2023 
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Satellite-based Soil MoistureTemporal Mapping*

*Accepted at
H. Rafique and A. Muhammad, "A deep learning framework for Farm-scale soil moisture retrievals: A case study for a
data-scarce Region,"IGARSS2026- 2026 IEEEInternational Geoscienceand RemoteSensingSymposium, Washington,
D.C., 2026. 21

ML Models



Satellite-based Soil MoistureSpatial Mapping*

*Under Review in 
H. Rafique, A. Muhammad, and Jawairia Ishfaq,  "Thermal Guided Super Resolution for Real-time Downscaling SMAP Soil 
Moisture," in IEEE Geoscience and Remote Sensing Letters, 2026. 22

ML Models

Sparse Fine Resolution

Dense Coarse Resolution

Dense Fine Resolution



Two Aqua MODIS products at 1-km resolutionτdaily daytime/nighttime LST (MYD11A1) and biweekly NDVI (MYD13A2)
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Training Data

ÅSamples Extraction
Å9km
Å6 x 6 pixels

Å1km 
Å56 x 56 pixels

ÅTrain data: ~ 5.5 years
ÅF: 04/2015 to 12/2021 : 1117 samples

ÅB: 01/2017 to 06/2024: 1063

ÅTest data: 1.5 year
ÅF: 01/2022 to 06/2024: 210

ÅB: 04/2015 to 12/2021: 264

Cloud cover pixels:
- 9km < 2 pixels
- 1km < 25%



Results

Model UbRMSE Bias MSE PSNR (dB) PearsonR

Baseline-forward 0.0382 -0.0076 0.0017 16.3001 0.5817

SRCNN-forward 0.0261 -0.0033 0.0008 19.5081 0.8581

Model UbRMSE Bias MSE PSNR (dB) PearsonR

Baseline-backward 0.0355 -0.0103 0.0019 14.4425 0.5295

SRCNN-backward 0.0216 -0.0049 0.0008 18.7526 0.8813

Model UbRMSE Bias MSE PSNR (dB) PearsonR

Baseline-mean 0.03685 -0.00895 0.0018 15.37 0.5559

SRCNN-mean 0.02385 -0.00410 0.0008 19.13 0.8700



Snow Depth Gap Filling
ÅSnow depth : a proxy for water availability 

later in the season.
ÅDecadal trends show impacts of climate 

change.
ÅProblem: Communication and sensor 

problems lead to gaps in data.
ÅSolution:Use a Random Forest model 

trained on the available snow depth data 
as well as predictors from a uniform and 
continuous data source (ERA5-Land1) to 
predict snow depth values for days where 
sensor was not working.
ÅModel able to predict with mean absolute 

error of 0.09 m.

1. https://confluence.ecmwf.int/display/CKB/ERA5-Land%3A+data+documentation

https://confluence.ecmwf.int/display/CKB/ERA5-Land%3A+data+documentation
https://confluence.ecmwf.int/display/CKB/ERA5-Land%3A+data+documentation
https://confluence.ecmwf.int/display/CKB/ERA5-Land%3A+data+documentation




Original Data

Gap Filled Data



Note: 

ÅPrimary challenges related to Earth Systems Dynamics 
ÅThey are highly nonlinear.

ÅThey are extremely high-dimensional. 

ÅTheyare mostly unknown. 

ÅIf we discover ESD, we use them for: 
ÅInterpretation 

ÅPredictions / forecasts 

ÅOptimization & Control 



Early Warning Signals in Earth System Dynamics
ÅMany Earth systems (glaciers, climate, ecosystems) exhibit tipping behavior

ÅSudden transitions can have catastrophic consequences

ÅDetecting Early warning signals (EWS) is critical for risk mitigation

Å Khurdopin: Large surge-type glacier (approx. 40 km 
length) in ShimshalValley, Karakoram, Pakistan

Å Surged in 2017 blocking the Shimshalriver
Å Upcoming surge predicted a year in advance

Steiner, J.F. et al.(2018) The KhurdopinGlacier Surge Revisited ς
extreme flow velocities and formation of a dammed lake in 
2017, The Cryosphere. 



Critical Slowing Down as an Early Warning Signal

ÅNear a tipping point, system stability gradually 

weakens 

ÅSmall disturbances persist longer instead of 

decaying quickly 

ÅObservable effects: 

ÅIncreased autocorrelation 

ÅIncreased variance 

Lenton, T.M. et al. (2012) Early warning of climate tipping points from critical slowing down: Comparing methods to improve robustness, Philosophical Transactions of the Royal Society

Equilibria:F(x) = 0



.ǳǘ ǿŜ ŘƻƴΩǘ ƪƴƻǿ ǘƘŜ 5ȅƴŀƳƛŎǎΗ  

ÅMeasure x by direct measurements, state estimation, downscaling 
etc. (snapshots)

ÅHow to find F?  



Enter Koopman and von Neumann!

ÅIn 1931, Bernard Koopman (and later with John 
von Neumann) introduced an operator-theoretic 
approach to dynamical systems, initially to 
describe Hamiltonian systems. 

ÅKoopman operators offer a powerful alternative to 
the classical geometric view of dynamical systems 
by addressing the fundamental issue of 
nonlinearity.



Primer on Koopman Theory

Ref:Matthew J. Colbrook, The Multiverse of Dynamic Mode Decomposition Algorithms, 2023. 

Think of it as a coordinate transformation, under which even strongly nonlinear dynamics maybe approximated bya linear system 



Primer on Koopman Theory

Ref:Matthew J. Colbrook, The Multiverse of Dynamic Mode Decomposition Algorithms, 2023. 

Think of it as a coordinate transformation, under which even 
strongly nonlinear dynamics maybe approximated bya linear 
system. 

With Linearity, you also get spectra! 



Dynamic Mode Decomposition (Mezic, 2003)

ÅA computational algorithm for constructing K from state snapshots.  

Solve 

to get:



Dynamic Mode Decomposition (Mezic, 2003)

ÅA computational algorithm for constructing K from state snapshots.  

Solve 

to get:

The Galerkininterpretation

which can be approx. by SVD: 

Time steps: 



Fluid flow past a cylindrical obstacle 

Ref:Matthew J. Colbrook, The Multiverse of Dynamic Mode Decomposition Algorithms, 2023. 



Fluid flow past a cylindrical obstacle 

Ref:Matthew J. Colbrook, The Multiverse of Dynamic Mode Decomposition Algorithms, 2023. 



Nonlinearity and High Dimensionality in One-Go

Reza, Maryam, et al. "Progress and future directions on predictive data-driven reduced-order modeling for Electric 

Propulsion Digital Twins." Proceedings of the 38th International Electric Propulsion Conference (IEPC 2024), 

Toulouse, France, June. 2024.



Critical Slowing Down as an Early Warning Signal

ÅNear a tipping point, system stability gradually 

weakens 

ÅSmall disturbances persist longer instead of 

decaying quickly 

ÅObservable effects: 

ÅIncreased autocorrelation 

ÅIncreased variance 

ÅDynamically, this corresponds to the Dominant (Non-periodic) eigenvalue magnitude approaching 1

Lenton, T.M. et al. (2012) Early warning of climate tipping points from critical slowing down: Comparing methods to improve robustness, Philosophical Transactions of the Royal Society



Early Warningvia DMD/ Koopman Theory

ÅUse Dynamic Mode Decomposition (DMD) on a sliding window over the 
time series 

ÅEach window provides a local linear approximation of system dynamics 

ÅCompute Dynamic Eigenvalue (DEV):
ÅEigenvalue of the DMD-estimated local linear operator 
ÅApproximates eigenvalues of the underlying system Jacobian

ÅInterpretation: 
Å|DEV| approaching 1 from below -> loss of stability 
ÅCrossing 1 -> onset of instability 

ÅTracking DEV over time reveals evolving system stability

Smith, T. et al.(2026) Predicting instabilities in transient landforms and interconnected ecosystems, Nature Communications.



Case Study: KhurdopinGlacier

Å Large surge-type glacier (approx. 40 km length) in 
ShimshalValley, Karakoram, Pakistan

Å Surged in 2017 blocking the Shimshalriver
Å Upcoming surge predicted a year in advance

Steiner, J.F. et al.(2018) The KhurdopinGlacier Surge Revisited ςextreme flow velocities and formation of a dammed lake in 2017, The Cryosphere. 



Case Study: HisparGlacier

Å Large surge-type glacier (approx. 50 km length) in 
Karakoram, Pakistan

Å Began surging in October 2014, peaking in 2015
Å Surge predicted a few months in advance

Paul, F. et al.(2017) The 2015 surge of HisparGlacier in the Karakoram, MDPI. 


