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SAG Mills Are Used In Large Mining Opera4ons To Grind Crushed Ore Prior To 
Processing To Recover Valuable Metals
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• Grinding occurs inside a rotating 
drum-shaped mill containing 
rocks, water, and steel balls
• Size of rock particles is reduced 

by two processes:
• Impact breakage due to 

cataracting motion
• Attrition due to cascading 

motion
Source: hWps://www.sciencedirect.com/science/arJcle/abs/pii/S0892687513002926Video simulaJon: hWps://vimeo.com/266660541

SAG Mills Are Used In Large Mining Opera4ons To Grind Crushed Ore Prior To 
Processing To Recover Valuable Metals
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Goals:
1. Reduce parJcle size
2. Maximise throughput
3. Minimize energy and operaJng costs.
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Process Characteris<cs
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• Control challenges
• Strong, unobservable disturbances
• ParJally-observable state
• Non-linear dynamics
• CirculaJng load
• Slow response
• Noise, measurement error
• Unstable states
• StochasJc (rock breakage)
• Non-staJonary (liner and ball wear)

• Probably impossible to build precise 
model from first principles

Source: McKlure and Gopaluni (2015)

Complex Process With Unstable, Non-Linear Dynamics 



Process Characteristics
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van der Westhuizen and Powell (2006)

Mill Filling And Speed Have A Significant Effect On Grind, Throughput And Power 
Consump4on



System Dynamics
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Process Simula4on Models Have Evolved From Simple Specific Energy Models To 
Very Sophis4cated DEM Models
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Process Simulation Models
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The Popula4on Balance Model Is A Linear Matrix Model Based On Breakage 
Probabili4es Of Par4cles In Discrete Size Intervals

Popula4on Balance Model (PBM)

Austin (1971)
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It Is Possible To Fit Simple, Parameterized PBM Models To Empirical Data

Morrell (2004)



Our Proposed Approach
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Hybrid Data-Driven / Model-Based Approach U4lizing Physics-Based Simula4on 
Models Where Appropriate



Questions, Comments, Ideas…
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Physics-
Based 

Models

Real System

Simple 
Dynamics 

Model

Model-
Based 

Controller

Insights
Data

Applicable control 
methods?

What model 
form to use?

How best to u;lize 
simula;on models?

Techniques for 
system 

iden;fica;on?
Data-driven 

models?

How to deal with 
sample efficiency?

Constraints?

Non-linear 
dynamics?

Adap;ve control?
How to explore 

state-space?

Robustness?

Model-free 
methods?

Can we infer the 
hidden state?
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Typical SAG and Ball Mill Circuit

SAG Mill Is The First Stage Of The Grinding Process And Experiences The Most 
Variability Due To Unobservable Changes In Ore Feed Properties



Process Characteris<cs
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Empirical Work From Pilot-Scale And Full-Scale Mills Provides Some Insights 

Morrell (2004)
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