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ÅMy Background

ÅArtificial Intelligence and Machine Learning, Big Data and all that...

ÅConcepts: Reinforcement Learning, Deep Learning, Deep RL, MCTS
ÅResults: Learning Agent Based model of forest fire spread from 

satellite data

ÅConcepts: Surrogate Models and Parameter Optimization
ÅResults: Fires Simulators and Weather Estimation

ÅResults: Let Burn Analysis, Fire Treatment Planning

ÅSome other Relevant AI/ML Methods

ÅFuture Challenges and Opportunities

Outline

Mark Crowley 2



ÅPhD : Computer Science at the University of British Columbia 
ÅInference in Bayesian networks

and Cyclical Causal Models 

ÅPostdoc : Oregon State University 
ÅNSF Project on Computational Sustainability

(http://www.compsust.net)

ÅForest Fire Planning ςά¢ǊŜŀǘέ Ǿǎ ά[Ŝǘ .ǳǊƴέ ŘŜŎƛǎƛƻƴ ƳŀƪƛƴƎ

ÅDeveloped PAC MDP Planning for Control of Invasive Species

ÅAssistant Professor : UWaterloo ςECE Department
ÅMy lab: UW ECE ML https://uwaterloo.ca/scholar/mcrowley/lab

ÅWaterloo.AI : Waterloo Artificial Intelligence Institute

ÅWICI: Waterloo Institute for Complexity and Innovation

ÅElement AI: Faculty Research Fellow

About Me
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Å Reinforcement Learning for Sustainable 
Forest Harvest Management

https://uwaterloo.ca/scholar/mcrowley/lab


ÅUnited Nations Sustainable Development Goals (UN-SDGs)
Å2nd AI For Good Summit 2018, Geneva ςITU/UN Initiative
ÅUsing AI to tackle Equality, Social, Economic, Infrastructure, Energy, Environmental issues

ÅAI for Social Good Workshop, at the 2018 NIPS machine learning conference

ÅSustainable Development Network in Canada (hosted at UWaterloo)

ÅOther corporate and non-profit initiatives
ÅAI4Good.org

ÅMicrosoft ςAI for Earth (Azure cloud computing)

ÅIBM Watson AI XPrize

ÅComputational Sustainability
ÅInstitute for Computational Sustainability (Cornel, OSU) NSF <$10M, 2008>

ÅComputational Sustainability Network NSF <2016>

Å¢ǊŀŎƪǎ ŀǘ ƛƴǘŜǊƴŀǘƛƻƴŀƭ !L ŎƻƴŦŜǊŜƴŎŜǎΥ !!!LΣ LW/!LΣ Χ

ÅCƛǊŜ ²ƻǊƪǎƘƻǇǎ όŀƴŘ ǘƘŜǎŜ ŀǊŜ Ƨǳǎǘ ǘƘŜ ƻƴŜǎ LΩǾŜ ŀǘǘŜƴŘŜŘΗύ
ÅForest and Wildland Fire Management: a Risk Management Perspective. 

Banff, BIRS 2017

ÅWildland Fire Appropriate Response Workshop, Western U, Feb 2018.

Good Timing - Other Recent Related Initiatives

Mark Crowley 4



Find out more: http://www.compsust.net/

Computational Sustainability
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Research Vision

Mark Crowley

Methods 
(how do we solve it?)

ÅReinforcement Learning

ÅDeep Learning

ÅEnsemble Methods

ÅFeature Reduction/Extraction

Domains 
(where does the complexity come 
from?)

ÅSpatially Spreading processes in 
natural systems
ÅFire, invasive species, floods

ÅMedical images

ÅClassification and Anomaly Detection 
for Streaming Big Data

ÅAutomotive
ÅDriver Behaviour Learning

ÅAutonomous Driving

ÅObject classification and 
understanding

To augment human decision making in complex domains and 

environments in a dependableand transparentway.



Some of My Related Research
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Sustainable Forest  
Management

Invasive  
Species Control Predicting and Preventing 

Forest Wildf ire s

(a) (b)

(c) (d)

Flood
Prediction

Medical Imaging



ÅFire Suppression:
ÅLetting Fires Burn: given a fire that is occurring, decide  to let it burn or 

not

ÅTrade off between suppression costs, cost of large fires, benefit of free 
fuel reduction on reducing future fires. 

ÅFire Spread Dynamics:
ÅImagine fire is the agent on the landscape, each spread from cell to 

cell is an action.

ÅLearn a fire spread policy from data

ÅFuel Treatment: 
Åfind optimal treatment of fuels over time to reduce expected cost of 

catastrophic fires.

Some AI Research on Forest Fire Domain
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Data, Big Data, Machine Learning, AI, etc , etc,é

9

Machine 
Learning

Artificial 
Intelligence

Big Data 
Tools

Human Decision 
Making

Automated 
Decision Making

Data
Data Analysis Classification,

Patterns, 
Predictions
Probabilities

Reports, statistics,
Charts, trends

Policies, Decision Rules,
Summaries

CNN

DQN

Game 
Theory

Deep 
Learning

Reinforcement
Learning

RNN

LSTM
Constraint

Programming

SAT

LRCN

GAN Heuristic 
Search

A*

Regression

SOM

Cellular 
Automata

Evolutionary 
Algorithms

Decision 
Trees

Multilayer
Perceptron

PCA SVM

HMM

MDP

Simulated 
Annealing

MCTS

A3C
kmeans

Bayesian 
Networks

Gaussian 
Processes

Tables, images, 
text, time series

FuzyLogic



Major Types of Machine Learning
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"Detect patterns in data, use the uncovered patterns to 

predict future data or other outcomes of interest"     

ðYŜǾƛƴ aǳǊǇƘȅΣ άMachine Learning: A 

tǊƻōŀōƛƭƛǎǘƛŎ tŜǊǎǇŜŎǘƛǾŜέΣ нлмн



Defining Your Objectives

u In Regression/Prediction/Classification

uObjective function is often low error, high accuracy, 

high recall

uHard if you donõt know the true answer

u In Decision Making we need something else:

u Value function: Expression of what situations or 

properties are preferred or required

u Can be formulated as Costs/Rewards of taking 

particular actions

u Then we try to search for, or directly compute, a 

policy which maximizes those values

u What does that look like?
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Markov Decision Process (MDP)
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State of the 

World Χ

Å FFMC, FWI, é

Å Forest cover, fuel level

Å Soil type

Å Wind direction, strength

Rewards

Å suppression cost

Å damage, area burned

Actions
Å Let Burn/Suppress

Å Fireline (x,y,shape ,é)

Dynamics

Å Deterministic or stochastic

Å Fire spread

Å Upcoming Weather

Å Fuel/soil cycles

Å Human behaviour

Ὕίȟὥ ᴼὨὭίὸὶὭὦόὸὭέὲί



Markov Decision Process (MDP)
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State of the 

World Χ

Rewards

Actions Dynamics

Which part of this picture do you know?
Which can you estimate?
Which do you needto know?



ÅReinforcement Learning is learning the policy “ὥȿί for an MDP 
when you do not have access to the full definition of:
Åthe rewards ὶίȟὥȟί

ÅAND/OR the dynamics 4ίȟὥȟί

ÅTraining must be carried out interactively :
1. Commit to action using latest (or some) policy

2. Find out the next state and reward from the 
world/simulator/environment

3. Improve your policy

4. Repeat 

ÅA.K.A : 
ÅReinforcement Learning [Sutton and Barto1998] 

ÅIn some fields Approximate Dynamic Programming (ADP) [Powell 
2007, 2009] is discussed which is essentially the same as RL

Reinforcement Learning as an MDP
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Basic Three Layer Neural Network
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ÅInput Layer

Åvector data, each input collects one
feature /dimension of the data and
passes it on to the (first) hidden layer.

ÅMeasurements, aggregate stats, 
computed indices, pixels

ÅHidden Layer

ÅEach hidden unit computes a weighted
sum of all the units from the input
layer

ÅOutput Layer

ÅEach output unit computes a
weighted sum of all the hidden units
and passes it through a threshold
function .

ÅTarget variables, predictions, class 
labels, images

input   hidden   output



So What is Deep Learning?
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- Hackernoon



(Goodfell ow 2016)

Using Hidden units, each hidden layer increases power, exponential

advantage of additional layers.

Why Go Deep?
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ÅRBM:  Restricted BoltzmanMachines (RBM) - bidirectional deep 
models. Older method but still useful for building consistent belief 
models.

ÅDeepRL:  Deep Reinforcement Learning

ÅRNN:  Recurrent Neural Networks (RNN) - allow links from outputs 
back to inputs, over time, good for time series learning

ÅLSTM:  Long-Term Short-Term networks ςa particular way of 
learning from time series data by controlling forgetting

ÅLRCN: Long-term Recurrent Convolutional Networks

ÅCNN: Convolutional Neural Networks ςMore efficient structure 
when input data are images

ÅGAN:  General Adversarial Networks - train two networks at once 
in competition to improve robustness

Some Types of Deep Neural Networks
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ÅCan also use CNNs + Fully 
Connected Deep Network for 
learning a representation of a 
policy

ÅFlurry of advances since 2014 
by Google DeepMind and 
others applying Deep Learning 
to RL algorithms

ÅDeep Q-Learning ςDQN

ÅAsynchronous Advantage 
Actor-Critic - A3C

ÅMany algorithms since then 
trying to provide a better way 
to learn the value function 
with DNNs
ÅAlpha Go ςRL + human training
ÅAlpha Zero ςRL + MCTS search + 

playing itself (Go, Chess)

Deep Learning, Deep RL, DQN, A3C, etcé
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ÅOptimizing a policy using tree search using simulator to try new 
sets of actions and resulting states

Å!ǾŀƛƭŀōƭŜ ǿƘŜƴ ȅƻǳ ŘƻƴΩǘ ƪƴƻǿΥ 
Åthe transition dynamics or instantaneous rewards/values

ÅBut when you do know: 
ÅThe available actions at any moment and

Å¢ƘŜ Ŧƛƴŀƭ άǿƛƴƴƛƴƎκƭƻǎƛƴƎέ ŎƻƴŘƛǘƛƻƴǎ

Monte -Carlo Tree Search
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Using Forest Wildfires as a demonstration domain:

ÅRLDM 2017 - The idea of using RL for learning dynamics from 
image data, comparison of classical RL algorithms with DQN 
[Subramanian and Crowley (2017)]

ÅFrontiers in ICT Journal 2018- Compared to broader range of 
RL methods Also looked at Gaussian Processes for a fully 
supervised comparison Noticed a tradeoff between MCTS 
and A3C [Ganapathi Subramanian and Crowley (2018)]

ÅCAI Paper 2018- proposed a new algorithm MCTS-A3C to 
take advantage of strengths of both.

Prediction of Spatially Spreading Processes
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Goal: Demonstrate that learning an agent-based style model be done

from raw data via RL, and can provide comparable results to other

methods.



Problem setup
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ÅUsing satellite images from two large forest wildfires in Northern 
Alberta : Richardson 2011, For McMurray 2016.

ÅUsed just publically accessible low rezimages from USGS, (Landsat)



ÅDQN: Neural Networks are used to represent the Q values in
this algorithm as opposed to simpler tabular representation of
the Q values [Mnih et al. (2013)].

ÅDQN with PER: Modifies DQN by targeting maximum learn-
able experiences [Schaul et al. (2016)].

ÅA3C: A global network interacts with group of worker agents

who have their own environment and network parameters. Both

a value estimate and a policy is used. Value estimate is used to

update the policy [Mnih et al. (2016)].

ÅMCTS: Monte Carlo Tree Search. Hypothetical simulation

rollouts from any state to compute reward estimate. Involves

Selection, Expansion, Simulation and Back Propagation [Browne

et al. (2012)].

RL alg orithms considered
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Results
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