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Why do a review?

• What has been done and what methods were used? 

• Do ML methods work better than other methods and for what tasks? 

• Can we make use of existing success stories here in Canada? 

• Identify gaps and challenges 

• Find opportunities for future research
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Our review

• Scoping review methodology (Arksey & O’Malley, 2005) 
- map out literature on research area  

• Search Google and Scopus databases 

• Additional referenced papers 

• Include only journal papers and conference proceedings* 

• Synthesize results
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What is Machine Learning?
• [ Implementation ] 

“A computer program is said to learn from experience E with respect to 
some set of tasks T and performance measure P if its performance at 
tasks in T, as measured by P, improves with experience E.”  
 
Tim Mitchell, Machine Learning, 1997 

• [ Outcomes ] 
“Detect patterns in data, use the uncovered patterns to predict future data 
or other outcomes of interest’" 
     
Kevin Murphy, Machine Learning: A Probabilistic Perspective, 2012

!4



!5

Tree based methods 

• Single trees (CART) 
• Random Forest 
• Boosted Regression trees 
• Other ensemble methods

Neural networks  

• Shallow networks 
• Self-organizing maps 
• CNN/Deep Learning 
• NeuroFuzzy models

Reward based 

• Reinforcement learning 
• Genetic algorithms

Bayesian methods 

• Bayesian networks 
• Naive Bayes 
• Maximum Entropy

Other 

• K-means 
• Support vector machine 
• K-nearest neighbors 
• + more

The lay of the land…
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Descriptive 
What happened?

Diagnostic 
Why did it happen?

Predictive  
What will happen?

Prescriptive  
What do we do?

Data analytics & wildfires

eg. Fire Mapping, 
Fuels characterization, 
Impacts

eg. controls on fire, 
Fire Ecology

eg. Fire Susceptibility Mapping, 
Fire Occurrence Prediction,  
Fire Behaviour Prediction

eg. Fire Management:  
Policy and planning  
Preparedness and Response  
Fuels treatment



Review summary (currently 285 papers)
!7



!8

1. Fuels Characterization, Fire Detection And Mapping: 61 papers 

2. Fire Weather And Climate Change: 20 papers 

3. Fire Occurrence, Susceptibility and Risk: 123 papers 

4. Fire Behaviour Prediction: 41 papers 

5. Fire Effects: 33 papers 

6. Fire Management: 14 papers

Review summary (currently 285 papers)
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Section Domain BN KM CART BRT ANN SVM GA EDT KNN MAXENT DL RF Other

1.1 Fuels characterization - - 1 1 1 2 - - 1 - - 4 -
1.2 Fire detection 1 1 - - 10 1 1 - - - 15 - 6
1.3 Fire mapping - 1 1 1 6 11 - 2 1 1 1 1 7
2.1 Fire weather prediction - 1 - - - - - - - - - 1 3
2.2 Lightning prediction - - 1 - - - - - - - - 2 -
2.3 Climate change - - 2 5 2 1 - 1 - 7 1 5 -
3.1 Fire occurrence prediction 1 - 1 - 7 3 - 2 1 2 1 5 1
3.2 Landscape - 1 1 - 1 1 - - - 1 2 2 1
3.3 Fire Susceptibility Mapping 2 1 8 8 16 12 3 1 - 27 1 26 6
3.4 Landscape controls on fire 2 1 14 19 10 10 3 1 1 30 1 37 4
4.1 Fire Spread and Growth 2 - - - 5 - 13 - 1 - 2 1 2
4.2 Burned area and fire severity prediction 1 - 6 1 8 7 1 - 2 - 1 5 7
5.1 Soil erosion and deposits - 1 - - 1 - - - - 1 - 1 -
5.2 Smoke and particulate levels - - - - 1 1 - 1 - - - 3 3
5.3 Post fire regeneration and ecology - - 2 5 1 1 1 - - 1 - 11 2
5.4 Impacts on people and animals 2 - 1 - - - - - - 1 - - -
6.1 Planning and policy 1 - - - - - 1 - - - - 2 1
6.2 Fuel treatment 1 - - - - - 1 - - - - - 1
6.3 Wildfire preparedness and response 2 - - 1 1 - 1 - - 1 - - -
6.4 Social factors 1 - - - - - - - - - - - -

1



Fire mapping with SVM (11 papers)
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Cao et al. (2009). An automatic method for burn scar mapping using 
support vector machines. International Journal of Remote Sensing, 
30(3), 577–594

https://commons.wikimedia.org/wiki/File:Kernel_Machine.svg

eg. Bioinformatics,  
face detection

respectively. Based on the above evaluation, GEMI-B, VI3T and GEMI were selected
as the inputs for automatic detection methods for burn scar mapping in northeastern
Asian grassland. As mentioned earlier, GEMI-B describes the water loss character-
istics of the burned areas, VI3T is related to the higher temperature of the burned
vegetation due to a decrease in evapotranspiration and an increase in surface
absorption and GEMI enhances the reflectance feature of green vegetation and is
insensitive to atmospheric noise and soil background. Figure 6 shows the three-
dimensional (3D) scattered GEMI-B, VI3T and GEMI plots of selected burn scars,
water, forest and grassland pixels on 26 May (all the values have been scaled by 100.0).
The 3D scatter plot indicates that the burn scars, water and clouds are easily separable
while only the forest and grassland overlap to a great extent.

3.3 Detection of MODIS active fires

Neighbourhoods of active fires (hotspots) are likely to be burned as well. This
motivated us to use hotspots as starting points for choosing the training samples of
burn scars automatically. The method used for generating the MODIS fire product
(Justice et al. 2002) was adopted in this study. The MODIS fire product provides an
integrated method of multiband fixed (absolute) thresholds and a contexture

Figure 6. 3D scatter plot for GEMI-B, VI3T and GEMI.

Table 3. Normalized distances of the six vegetation indices.

BAI NDII VI3T NDVI GEMI GEMI-B

22 May 0.142 0.745 1.644 1.598 2.121 1.845
24 May 0.16 1.951 2.646 1.369 2.901 2.639
26 May 0.035 1.718 2.21 1.296 1.757 2.522
28 May 0.625 1.579 2.046 1.034 1.876 2.413
30 May 0.534 1.633 1.718 1.127 1.007 1.751
Mean 0.299 1.525 2.053 1.285 1.932 2.234

Mean values for indices that performed well in discriminating burned from unburned areas
are shown in bold.

586 X. Cao et al.



Fire occurrence prediction with ANN (7 papers)
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input   hidden   output

eg. Handwriting recognition, Medical diagnosis

Real classification
Fire ¬Fire

Extreme 28496 65902
System High 21887 145324

classification Medium 9205 137958
Low 9943 1159165

Table 2. Contingency matrix considering the four risk levels

NPV measurements. This means that overall the system’s capacity
for detecting a fire was quite satisfactory, and that it almost invari-
ably predicted a negative classification for cases when no fire was
recorded. On the other hand, the specificity value - and particularly
the PPV - indicate that the false positive rate is high (evident also in
Table 1). This is partly explained by the following:

• The detection threshold was fixed on the basis of expert criteria
so as to minimise the risk of failing to predict a fire which in fact
occurs, for the simple reason that the cost of this error is higher
than that incurred by a false prediction of a fire.

• The system was designed to evaluate whether meteorological con-
ditions favour an outbreak of fire. However, the fact that meteoro-
logical conditions are favourable is no guarantee of a fire.

It is interesting to note, in Table 2, the correlation between the risk
level for each positive category (medium, high and extreme) and the
number of true positives classified for that category.
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Figure 5. ROC curves for each year (1988-1999)

In reference to the ROC curves, the test curve and the curve for the
years 1988 to 1999 are similar. As was to be expected, this indicates
that the train and test data sets were adequately designed to take ad-
vantage of the generalisation capacity of the neural network. In addi-
tion, the ROC curves in Figure 5 are useful in identifying those years
when performance was significantly better or poorer. This informa-
tion will be useful for a future analysis that will focus on improving
our system by identifying new relevant input variables.
In order to verify whether there were meaningful differences be-

tween systems developed using extrapolated and real data, the se-
lected network topology was also trained using only the latter, i.e.,

the information obtained from the five meteorological stations. The
results obtained were similar to those obtained when employing ex-
trapolate data.
A further experiment was carried out which consisted of training

five different networks, one for each meteorological station. The aim
was to determine whether this approach would produce a better per-
formance than our global network, and in fact, there was no improve-
ment in results.
Also interesting would have been a comparison with other fire risk

prediction systems, such as those described in Background above, but
this was not possible since comparable results are not available.
The neural model described in this paper is included within a

larger system for real-time prediction and management of fires. The
latter includes a geographical information system, an expert system
for the management of fire-fighting and post-fire terrain recovery re-
sources, and a module for the automatic acquisition of meteorologi-
cal data. One of the features of this system is that it graphically illus-
trates the fire risk predictions of the described neural network (Figure
6). Each square is assigned a colour code representing the risk level
and is also marked with the number of fires that genuinely occurred
in the area represented by that square. By clicking on a square, more-
over, the user can call up detailed maps of the area and other infor-
mation such as type of vegetation or the population of villages and
towns.
The costs and complications involved in fire-fighting during the

worst periods of the year make it impractical to maintain active fire-
fighting units in all areas of the country. A spatial analysis of fire risk
is, therefore, an extremely useful tool since it permits fire-fighting
units to focus on those areas where there is a higher probability of
damage.

Figure 6. System prediction for Galicia, 20 August 1998. The level of risk
is indicated by a colour code and the number in each square represents the

number of recorded fires

Alonso-Betanzos et al.. (2002).  
A Neural Network Approach for 
Forestal Fire Risk Estimation.



Fire susceptibility mapping with Maximum Entropy  
(27 papers)
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Moritz et al, (2012). Climate change and disruptions to 
global fire activity. Ecosphere, 3(6)

 
eg. Used in species distribution modelling,  
statistical mechanics (physics)

https://www.natureserve.org/conservation-tools/species-distribution-modeling

Improved ESA Implementation through  
Species Distribution Modeling  

Advances in ecological modeling make the current lack of precise distribution maps a 
tractable problem to solve. A nationally consistent, verifiable, multi-jurisdictional li-
brary of modeled distributions for listed, candidate, and petitioned species can now be 
achieved by applying scientifically robust species distribution modeling (SDM) tech-
niques. SDM combines species observation data with environmental predictors to map 
areas of likely occurrence. 

Maps of Habitat Suitability 
From low to high across the land-
scape (above right) 

Today, input data are readily available, and modeling procedures are standardized. 
It is now entirely feasible to generate refined maps of the distribution of suitable 
habitat for almost all T & E species through a vetted, dynamic, and transparent 
scientific process, and pilot projects have demonstrated the potential of SDM to 
streamline environmental reviews, including aspects of the pesticide consultation 
process. 
 
A project assessing the potential of SDM to improve the pesticide consultation pro-
cess found that for Boltonia decurrens, a threatened plant found in agricultural 
landscapes along the Illinois River floodplain, using an SDM resulted in 10,000,000 
fewer acres of identified habitat than the species range used by FWS. This repre-
sents a 95% reduction in the area used to determine potential pesticide impacts. 
The same model demonstrated to ease regulatory burdens is being used to advance 
conservation efforts. The Partners for Fish and Wildlife in Illinois plan to use the 
model to prioritize outreach and financial assis-
tance to landowners in an initiative to increase high
-quality, native waterfowl food and habitat for the 
species. Without the new map, directing those re-
sources to areas of high impact would be a signifi-
cant challenge. 
 
Where models exist, FWS field offices have accept-
ed them as the best available science, but else-
where, data remain coarse. A comparison of FWS 
range data for the Karner blue butterfly (Lycaeides 
melissa), which has been modeled in New York but 
not in other states, makes clear the discrepancy in 
data precision with and without models. When po-
tential pesticide application areas are overlaid on 
the model, the consequences for regulatory compli-
ance become clear: areas of conflict between likely 
species presence and use areas are relatively few. 

Habitat Maps 
Binary map of habitat/non-habitat 
(below right) 

Created from modeled probabilities based on sci-
entific standards and user-defined risk tolerance, 
habitat maps can be tai-
lored to regulatory 
needs. 

A lack of precise information on where federally listed species 
occur inhibits effective species conservation and creates unnec-
essary regulatory burdens. The status quo of using broad range 
maps to identify impacts to listed species results in many “may 
affect” or “likely to adversely affect” determinations. Although 
FWS provides refined maps for some species, the data are incon-
sistent across taxa and not transparent for the regulated commu-
nity or conservationists. Without consistent, predictable, up-to-
date, and scale-appropriate information to guide ESA decisions, 
significant funding is spent analyzing effects that may never occur 
on the ground.  

The Problem 

The Solution 

Pilot Outcomes 

Species Observation Points  
for Asclepias Meadii, a threat-

ened milkweed found in agricul-
tural lands in the Midwest 

Examples of input layers used 
to characterize the environ-

mental setting 

Elevation 

Climate 

Soils 
Land 
Cover 

In areas of low suitability, confi-
dence that the species is not pre-
sent is high, while areas of high 
suitability can guide priorities for 
survey, protective measures, and 
restoration. 

NatureServe has identified 325 listed or petitioned species 
in the lower 48 states that are ideally suited for SDM given 
current data availability, and over 500 more that are good 
candidates for modeling provided some additional invest-
ment in data development (right). In addition to streamlin-
ing ESA consultations, completing models for these species 
can: 

 Inform listing decisions 
 Guide avoidance and mitigation strategies 
 Support species recovery efforts 
 Focus conservation initiatives 
 Direct inventories and locate new populations 

An example of the coarse 
range data currently being 
used for ESA screenings. 

The FWS mapped range for the Karner blue butterfly. In New York, where the New York Natural Heritage Pro-
gram modeled habitat for the species, the mapped range is precise (inset) while elsewhere, broad county 
boundaries define habitat. In the inset, orchards, a proxy for pesticide use areas, are shown in green.  

Suitable Habitat 
Not Suitable Habitat 

Asclepias meadii habitat map 

Products include maps of habitat suitability and probable habitat/non-habitat. 

Regan Smyth and Healy Hamilton, NatureServe 

Comparison of the total area, in acres, of habitat mapped for Boltonia 
decurrens, (1) by using NatureServe current and historic element oc-
currence (EO) records, (2) as maintained by FWS, (3) as maintained by 
the Federal Endangered Species Task Force, and (4) with a species dis-
tribution model using a protective threshold. 

Karner Blue Butterfly 
Lycaeides melissa samuelis, Listed Endangered  

photo by USFWS 

Decurrent False Aster 
Boltonia decurrens Listed Threatened 

photo by USFWS 

Next Steps 

coniferous forests, temperate grasslands/savan-
nas/shrublands, and tundra), but these biomes
also show substantial area (.50%) in the ‘‘low
agreement’’ class. The most consistent projected
fire decreases over the 2010–2039 period occur in
some of the lower latitude biomes (e.g., tropical
and subtropical grasslands/savannas/shrub and
tropical and subtropical dry broadleaf forests).
The trajectory of decreasing fire activity in these
biomes strengthens over time, with most of their
area showing greater agreement for fire decreas-
es by the end of the 21st century. In contrast, the
trajectory of biomes in the higher latitudes tends
toward more agreement for increases in fire by
2070–2099. This trend is clear for temperate and
northern regions of the world, and it is most
striking for the boreal forests/taiga and tundra
biomes.

The spatial pattern in variable importance is
shown in the most limiting factor maps (Fig. 8).

Although this map represents a simplification, it
does provide a general idea of the complexity of
global fire–environmental relationships. In bi-
omes where biomass productivity is typically
limiting to fire activity, shifts in the most
influential climate variable lead to vegetation
growth; many high-latitude cold regions thus see
long-term increases in fire probabilities associat-
ed with higher temperatures (especially in the
warmest month), while mid-latitude desert and
xeric regions tend to see increases due to more
moisture (annual precipitation). In contrast, the
vast savannas of the globe eventually experience
decreased fire occurrence associated with in-
creasing temperature seasonality, as well as
warmer are drier conditions overall. In the moist
and biomass-rich tropical forests of the world,
fire activity tends to be most limited by precip-
itation-related variables (largely decreasing with
more annual precipitation, but increasing where

Fig. 6. Ensemble mean change (A, C) and degree of model agreement (B, D) in predicted fire probability among

the 16 GCMs for 2010–2039 and 2070–2099 time periods (change assessed from baseline probabilities 1971–2000).
Predictions for 2010–2039 are based on ‘‘ClimateþBaseline NPP’’models, and 2070–2099 are based on ‘‘Climate

only’’ models. Pie charts indicate global proportions in each agreement class: Likely decrease, Likely increase,

and Low agreement correspond to 8.1%, 37.8%, and 54.1% for the 2010–2039 period, and to 20.2%, 61.9%, and
17.9% for the 2070–2099 period.

v www.esajournals.org 13 June 2012 v Volume 3(6) v Article 49

MORITZ ET AL.

https://www.natureserve.org/conservation-tools/species-distribution-modeling


Fire Management with Random Forests (2 papers)
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McGregor et al. (2017). Fast Optimization of Wildfire 
Suppression Policies with SMAC. http://arxiv.org/abs/1703.09391eg. Fraud detection, drug development,  

recommender systems

Fast Optimization of Wildfire Suppression Policies with SMAC

all”. When multiple reward components are included, the
optimal policy still tends to either suppress or let burn most
fires by default, but it tries to identify exceptional fires
where the default should be overridden. See Houtman et al.
(2013) for a discussion of this phenomenon.

A natural policy class in this domain takes the form of a bi-
nary decision tree as shown in Figure 2. At each level of the
tree, the variable to split on is fixed in this policy class. With
the exception of the very first split at the root, which has a
hard-coded threshold, the splitting thresholds ✓1, . . . , ✓14
are all adjusted by the policy optimization process. Mov-
ing from the top layer of the tree to the bottom, the tree
splits first on whether the fire will be extinguished within
the next 8 days by a “fire-ending weather event” (i.e., sub-
stantial rain or snowfall). The threshold value of 8 is fixed
(based on discussions with land managers and on the pre-
dictive scope of weather forecasts). The next layer splits on
the state of fuel accumulation on the landscape. The fuel
level is compared either to ✓1 (left branch, no weather event
predicted within 8 days) or ✓2 (right branch; weather pre-
dicted within 8 days). When the fuel level is larger than
the corresponding threshold, the right branch of the tree is
taken. The next layer splits on the intensity of the fire at
the time of the ignition. In this fire model, the fire intensity
is quantified in terms of the Energy Release Component
(ERC), which is a common composite measure of dryness
in fuels. Finally, the last layer of the tree asks whether the
current date is close to the start or end of the fire season.
Our study region in Eastern Oregon is prone to late spring
and early fall rains, which means fires near the boundary
of the fire season are less likely burn very long. We note
that this policy function is difficult for gradient-based pol-
icy search, because it is not differentiable and exhibits com-
plex responses to parameter changes.

4. Experiments
To train the MFMCi surrogate model, we sampled 360 poli-
cies from a policy class that suppresses wildfires based on
the ERC at the time of the ignition and the day of the ig-
nition (see supporting materials for details). Every query
to the MFMCi surrogate generates 30 trajectories, and the
mean cumulative discounted reward is returned as the ob-
served value of V

✓

.

We apply SMAC with its default configuration. When
SMAC grows a random regression tree for its PVM, there is
a parameter that specifies the fraction of the parameter di-
mensions (i.e., ✓1, . . . , ✓14) that should be considered when
splitting a regression tree node. We set this parameter to
5/6. A second parameter determines when to stop splitting,
namely: a random forest node can only be split if it contains
at least 10 examples. Finally, the size of the random forest
is set to 10 trees.

Figure 2. The layers of the decision tree used to select wildfires
for suppression. The top layer splits on whether the fire will likely
be extinguished by a storm in the next 8 days regardless of the
suppression decision. The next layers then have 14 parameters for
the number of pixels that are in high fuel (parameters 1 and 2,⇥
0, 1000000

⇤
), the intensity of the weather conditions at the time

of the fire (3 through 6,
⇥
0, 100

⇤
), and a threshold that determines

whether the fire is close to either the start or end of the fire season
(7 through 14,

⇥
0, 90

⇤
).

Figure 3 shows the results of applying SMAC to find op-
timal policies for the four reward function constituencies.
The left column of plots show the order in which SMAC
explores the policy parameter space. The vertical axis is the
estimated cumulative discounted reward, and the point that
is highest denotes the final policy output by SMAC. Blue
points are policy parameter vectors chosen by the GEI ac-
quisition function whereas red points are parameter vectors
chosen by SMAC’s random sampling process. Notice that
in all cases, SMAC rapidly finds a fairly good policy. The
right column of plots gives us some sense of how the dif-
ferent policies behave. Each plot sorts the evaluated policy
parameter vectors according to the percentage of fires that
each policy suppresses. In 3(b), we see that the highest-
scoring policies allow almost all fires to burn, whereas in
3(f), the highest-scoring policies suppress about 80% of the
fires.

Let us examine these policies in more detail. The optimal
policies for the politics and timber reward constituencies
allow most wildfires to burn, but for different reasons. For
the politics constituency, it is the Ecological reward that en-
courages this choice, whereas for the timber constituency, it
is the increased harvest levels that result. The composite re-
ward function produces a very similar optimal policy, pre-
sumably because it contains both the Ecological and Har-
vest reward components. These results indicate that timber
company and political interests largely coincide.

The most interesting case is the home owner constituency
reward function, which seeks to minimize smoke (which



Fire spread with Deep Learning (2 papers)
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Hodges & Lattimer. (2019). Wildland Fire Spread 
Modeling Using Convolutional Neural Networks. 
Fire Technology, 55, 2115–2142

eg. Object detection and classification, 
Super-frame and super-resolution video 

2.1. Wildland Fire Prediction

Data for this study was generated using the surface rate of spread model pre-
sented by Rothermel/Albini [5, 6, 39]. In the Rothermel/Albini phenomological
fire spread model, the peak surface fire spread rate, Vs;peak is calculated using the
equation

Vs;peak ¼
Q00f
q!Qig

1þ /s þ /wð Þ ð1Þ

where Q00 is the heat release rate per unit area, q is the fuel density, Qig is the heat
of pre-ignition, f is the propagating flux ratio (percentage of heat released which
pre-ignites fuel), ! is the effective heating number (percentage of fuel which is
involved in ignition), /w is the wind coefficient, and /s is the slope coefficient.

Various researchers have developed empirical relationships for the different
parameters in Eq. 1. A commonly used approach in the literature is to specify Q00,
q, f, ! based on classifying the primary fuel in a region into a fuel model. A total
of 53 fuel models were considered in this work including 13 developed by Rother-
mel/Albini [5, 39], and 40 developed by Scott [6]. Rothermel presented an empiri-
cal relationship for Qig based on the fuel model and moisture content, and Scott
extended the relationship to handle dynamic fuel models. Rothermel presented
empirical relationships for /w and /s based on fuel model, midflame wind speed,
and slope. Andrews presented an algorithm to adjust typical atmospheric wind
measurements (10 m or 20 ft) to midflame wind speed based on three additional
parameters describing the upper story vegetation (canopy cover, canopy height,
and crown ratio) [40]. Researchers have shown wildland fires grow in a generally

Fuel Model

Crown Ratio

Canopy Height

Canopy Cover

100-Hour Moisture

10-Hour Moisture

1-Hour Moisture

Live Woody Moisture

Live Herbaceous Moisture

North Wind

East Wind

Elevation

Initial Burn Map

Deep
Convolutional
Inverse
Graphics
Network

Probability of
Fire

Probability of
Not Fire

Post Processing
Burn Map
After 6 Hours

Figure 1. Schematic of solution algorithm. The left set of images
show the different channels used as inputs to the neural network. The
values for each data channel are colorized based on the values shown
in Tables 1 and 2.

2120 Fire Technology 2019



Take-aways
• When comparisons have been made, ML methods generally outperform 

other statistical methods 

• Many opportunities exist, particularly:  
Predictive - Fire Occurrence Prediction, Fire Behaviour Prediction  
Prescriptive - Fire Management 

• Proliferation of available data at higher temporal and spatial resolution: eg. 
remote sensing, modelled weather/climate 

• Deep Learning is effective tool for dealing with large spatio-temporal datasets
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Machine Learning is just another tool
• G-I-G-O (Garbage in garbage out) 

• Overfitting can be a problem 

• Validation and comparison to traditional methods 

• Extrapolation may be a problem 
- implications for predicting extremes and climate 
change impacts 

• Interpretation?  
- Advancing science by seeing inside the “black box”
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https://xkcd.com/1838/

https://xkcd.com/1838/
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Domain expertise is still needed!

Asking the right questions, providing the right data, interpreting results
https://xkcd.com/1831/

https://xkcd.com/1831/


Challenges for fire management
• Better understand where and how ML can 

be applied 

• Moving from Descriptive/Diagnostic 
analytics to Predictive/Prescriptive 
analytics. 

• Knowledge transfer to operations - 
supplement or replace existing systems? 

• Provide high quality datasets - open data?
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https://xkcd.com/2029/

https://xkcd.com/2029/
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