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Introduction



Background & Motivation
The Power and Challenge of 
Field -Scale SWAT Modeling

• Fie ld -scale  SWAT 2012 for wate r q uality asse ssme nts

• Imp rove d  auto-irrig ation sub routine  (Che n e t al., 2017; 
Job in, 2018)

• O ne  fie ld  is re p re se nte d  as a sing le  HRU SWAT mod e l

• ~ 70K irrig ate d  crop  fie ld s across Colorad o  rive r b asins

• Goal:  Rob ust mod e ling  for we b -b ase d  d e cision sup p ort

• Challenge: Comp utational scalab ility
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The Core Problem
The Scalability Bottleneck

• SWAT is p roce ss-b ase d  b ut is comp utationally slow for 
larg e  scale  comp utations at the  state  o r re g ional le ve ls.

• Millions o f mod e l simulation are  ne e d e d  to  re p re se nt 
thousand s o f fie ld s and  se ve ral manag e me nt sce narios 
ove r multi-d e cad e  simulation p e riod s.  

• Near real-time  we b  ap p lications ne e d  fast re sults.

• Curre nt workflow limits p ractical d e p loyme nt.
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Exploring Potential Solutions
Finding the Right Path to a Solution

Option 1: Standard Machine Learning  
(ML)

Option 2: Knowledge -Guided ML 
(KGML)

✓ Fast p re d ictions

✗ "Black b ox" - p hysically imp lausib le  re sults

✗ No  g uarante e  o f mass b alance

✓ Sp e e d  of ML + Scie ntific inte g rity

✓ Enforce s p hysical rule s d uring  training

✓ "Glass b ox" - fast, accurate , trustworthy
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The KGML-SWAT Emulator
A Hybrid Approach for the Best of Both Worlds
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Physics -Informed 
Loss Functions

Unified Multi -
Scenario Architecture

Three-Phase Training 
Strategy

Pe nalize  vio lations of core  
p hysical p rincip le s. 
Enforce s p roce ss 

re lationship s.

One  mod e l hand le s all 
manag e me nt p ractice s.

Learns tillag e  & irrig ation 
e ffe cts d ire ctly.

Grad ual p hysics constraint 
introd uction.

Pre ve nts training  instab ility.



Model 
De ve lop me nt 
& Training



The Foundation
Training on a Rich SWAT Simulation Dataset
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1.56M+
Field -Year Records

~21,000
Ag ricultural fie ld s in the  
South Platte  Rive r Basin

18
 Years of d ata (2003-2020)

4
 Sce nario  manag e me nt 

comb inations 
(Tillag e /irrig ation)

Validation Strategy
Sp atial Cross-Valid ation, hold ing  out e ntire  fie ld s to  e nsure  the  mod e l 

g e ne ralize s to  ne w locations



Model Architecture
A Model That Thinks Like a Hydrologist
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Feature 
Fusion
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A Model That Thinks Like a Hydrologist
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Inputs Feature 
Encoders

Physics 
Module

Feature 
Fusion

Prediction 
heads Output

Inputs
Soil Prop e rtie s (14 feature s)

Climate  Variab le s (21 feature s)

Manag e me nt Characte ristics (8 feature s)

Top og rap hic Feature s (3 feature s)

Crop  information (2 feature s) 



Soil Properties (14 features)

Climate  Variab le s (21 feature s)

Manag e me nt Characte ristics (8 feature s)

Top og rap hic Feature s (3 feature s)

Crop  information (2 feature s) 

Mod e l Archite cture
A Model That Thinks Like a Hydrologist
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Inputs Feature 
Encoders

Physics 
Module

Feature 
Fusion

Prediction 
heads Output

Feature Encoders

Processed & 
Transformed 

data



Model Architecture
A Model That Thinks Like a Hydrologist
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Encoders
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Feature 
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Prediction 
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Physics Module

Runoff Erosion Nutrient 
Cycling



Model Architecture
A Model That Thinks Like a Hydrologist
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Inputs Feature 
Encoders

Physics 
Module

Feature 
Fusion

Prediction 
heads Output

Physics Module

Runoff

Precipitation

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑓𝑓𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 =
𝑃𝑃 − 𝐼𝐼𝑎𝑎 2

𝑃𝑃 + 0.8 ∗ 𝑆𝑆

P is p re cip itation. Initial 
ab straction (Ia) & Re te ntion 
p arame te r (S) are  calculate d  

b ase d  in the  CN

Irrigation

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑓𝑓𝑖𝑖𝑖𝑖𝑖𝑖 = 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 ∗ 𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼

Irrig ation ratio  is b ase d  on 
irrig ation typ e  (Flood /Sp rinkle r) 

and  e fficie ncy (Manag e me nt d ata)



Model Architecture
A Model That Thinks Like a Hydrologist
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Inputs Feature 
Encoders

Physics 
Module

Feature 
Fusion

Prediction 
heads Output

Physics Module

Erosion
• R is the  runoff e rosivity factor (calculate d  from runoff volume  and  p eak flow)
• K is the  so il e rod ib ility factor (learne d  from soil texture , org anic matte r, and  

structure )
• LS is the  top og rap hic factor (learne d  from slop e  ste e p ne ss, as slop e  le ng th is 

constant at 50m)
• C is the  cove r and  manag e me nt factor (learne d  from crop  typ e , tillag e  

syste m, and  re sid ue  manag e me nt)
• P is the  sup p ort p ractice  factor (constant at 1.0 in this d atase t)

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌𝑌 = 𝑅𝑅 ∗ 𝐾𝐾 ∗ 𝐿𝐿𝐿𝐿 ∗ 𝐶𝐶 ∗ 𝑃𝑃



Model Architecture
A Model That Thinks Like a Hydrologist
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Inputs Feature 
Encoders

Physics 
Module

Feature 
Fusion

Prediction 
heads Output

Physics Module

Nutrient 
Cycling

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝑒𝑒𝑁𝑁 = 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑟𝑟𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑒𝑒𝑁𝑁 + 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑛𝑛𝑁𝑁
• Mine ralization rate s are  te mp e rature  and  moisture  

d e p e nd e nt, with hig he r rate s und e r warm, moist cond itions. 
• The  mod e l learns that tillag e  e nhance s mine ralization 

throug h increase d  so il ae ration and  re sid ue  incorp oration. 
• Maximum mine ralization is constraine d  to  3% of so il o rg anic 

nitrog e n p e r year b ase d  on e stab lishe d  lite rature  value s.



Model Architecture
A Model That Thinks Like a Hydrologist

Inputs Feature 
Encoders

Physics 
Module

Feature 
Fusion

Prediction 
heads Output

Feature Fusion
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Informed 
Loss 
Functions

Prediction Loss
Mean Sq uare  Error in p re d ictions
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Loss 
Functions

Mass balance Constraints
𝑀𝑀𝑀𝑀𝑥𝑥𝑇𝑇𝑇𝑇 = 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑟𝑟𝑁𝑁 + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑒𝑒𝑁𝑁 + 0.03 ∗ 𝑆𝑆𝑆𝑆𝑆𝑆𝑙𝑙𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂
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Informed 
Loss 
Functions

Process Relationship Constraints
Conce ntration (TN/Runoff) within realistic rang e

Corre lation (TN, Erosion) ≥  0.9
Lowe r Erosion in re d uce d  tillag e , lowe r runoff in sp rinkle r irrig ation
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Informed 
Loss 
Functions

Physical Bounds Constraints
Total load  p e r he ctare  is within realistic rang e
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Three-Phase 
Training 

Phase 1
Pure  Machine  

Learning  (Ep ochs 1-
20)

Phase 2
Grad ual Physics 

Inte g ration (Ep ochs 
21-50)

Phase 3
Full Physics 

Constraints (Ep ochs 
51-150)
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Total Nitrog e n Pre d iction
Total Phosp horus Pre d iction
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Output

Annual TN and  TP load  p e r fie ld
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Model 
Pe rformance



Performance at a Glance
Watching the Model Learn

Mod e l valid ation shows hig h accuracy, with 
Nash-Sutcliffe  Efficie ncy value s stab ilizing  

near 0.88 for TN and  0.85 for TP

Mod e l e rror (RMSE) rap id ly minimize s 
and  stab ilize s b y e p och 50, reaching  

~ 4.5 for TN and  ~ 0.1 for TP.



Performance at a Glance
Watching the Model Learn

The  thre e -p hase  training , p ure  ML loss increase  
b y e p och 20, ramp ing  Mass We ig ht to  1.5 and  
Proce ss We ig ht to  0.5 b e twe e n e p ochs 20-50.

As p hysics constraints are  ap p lie d  at e p och 20, 
the  mod e l was initially vio lating  p hysics, b ut it 
rap id ly corre cts afte r activating  the  constraints



Performance at a Glance
Watching the Model Learn

Both mod e ls achie ve  a hig h avg . NSE of ~ 0.9, 
with the  ze ro  p hysics mod e l has slig htly lowe r 

valid ation loss 

The  "Ze ro  Physics" mod e l consiste ntly vio late s p hysics 
(Mass Loss ~ 0.4, Proce ss Loss > 15), while  the  "With 

Physics" mod e l learns to  force  b oth p hysics losse s to  0.



Breaking the Bottleneck: A Time & Reliability Comparison
From Days to Minutes: The End User Prospective

Colle ct d ata 
(we b /use r), 

create  inp ut file s
_________
1-2 Hours

Pre p are  a sing le  
inp ut d ata tab le

_________
5 Minutes

SW
AT

KG
M

L

Setup Execution Post-Process Final Outcome

Run SWAT fie ld -
b y-fie ld  for 20 

years
_________
20 Hours

Ag g re g ate  
re sults from all 
4000 outp uts

_________
0.5 Hours

Prone  to  e rrors from 
comp lex inp ut file s, 

re q uiring  manual 
d e b ug g ing .
_________

Total Time: ~1 Day

10
00

 fi
el

ds
 

x4
 s

ce
na

rio
s

10
00

 fi
el

ds
 

x4
 s

ce
na

rio
s Make  80,000 

p re d ictions 
(1000x4x20)

_________
10 Seconds

Outp ut is 
alread y 

ag g re g ate d
_________
0 Seconds

Rob ust & stab le ; 
e liminate s inp ut file  

e rrors
_________

Total Time: ~5 Minutes



• KGML emulator solves the SWAT bottleneck, 
enabling rapid predictions for large -scale, 
web-based decision support.

• By incorporating physical laws, the model 
produces scientifically reliable and 
trustworthy results.

• This "glass box" method makes AI a robust 
and defensible tool for agricultural and 
environmental modeling.
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Conclusions
Key Takeaways



Thank you

Mohame d  Fawzy Mahmoud

M.Fawzy.Mahmoud @colostate .e d u
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