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Habitat Suitability Modeling (HSM)

* Also known as:
— Ecological Niche Modeling (ENM)
— Species Distribution Modeling (SDM)

Red Snapper in Gulf of Mexico Bl Tamarix in Western US
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Uncertainty

~/q » How “certain” of the data are we?

* How much “error” does it contain?
4 "« How well does the model match reality?

‘. * Goal:

. — Understand and
document
uncertainties from

data collection to
publication

THAT
DOESN'T
MAKE IT

® 2003 United Feature Syndicate, Inc.
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£BRO

THE BIGFOOT
FIELD RESEARCHERS
ORGANIZATION

Introduction

Redwood National Park is Redwood NP

located in northern California in
both Del Norte and Humboldt
counties. Since 1957, there
have been a total of 69
reported incidents and/or
encounters with Bigfoot in both
counties. Thus, the park is
likely to be home to a thriving
Bigfoot population.

Background - What is a Bigfoot?

“The term "sasquatch"” is an anglicized derivative of the word
"Sésquac", meaning "wild man". The original word, in the
Std:16 dialect of the Halkomelem language, is used by the
Coast Salish Indians of the Fraser Valley and parts of
Vancouver Island, British Columbia.

Indian tribes across North America have a total of more than
sixty different terms for the sasquatch.

"Bigfoot" was a journalistic term generated in the middle of the
last century during a rash of sightings in Northern California.
The word has come to be recognized widely.

Many different terms have been used by pioneers and later
non-native inhabitants of North America, including "skookums"
and "mountain devils".”

From www.bfro.net, “What is a Bigfoot, or Sasquatch?”

Objective

To determine where the most likely places to see
Bigfoot are in order to aid The Bigfoot Field
Researchers Organization and Bigfoot enthusiasts in
their quests to find Bigfoot.

Assumptions
Bigfoot prefer dense canopy cover, nearby sources of

Limitations

- No detailed layer of stream data
- Hand-plotted campsites subject to human error
- Lack of metadata on collected data layers

Factors
Campgrounds
Streams
Roads
Canopy
Aspect

Acknowledgments

3D Analysis

We built a TIN from a NED
elevation model and considered
the types of slopes and aspects
Bigfoot would feel most
comfortable in. After going
through a number of accounts,
we found that slope does not
seem to affect Bigfoots’
preferences. Instead, we decided
that they preferred shadier areas
to hide in and so we found areas
with north-facing aspects.

campgrounds

L ]

Suitability Analysis

We created buffers around streams, campgrounds, and roads
and assigned opportunity and constraint values to each feature.
We then assigned opportunity and constraint values to canopy
density and aspect maps. These values were used to create a

map of Bigfoot habitat suitability.

Suitability Criteria

Values

Opportunities

Dense canopy layer

80+

60-80

Less than 60

1 mile buffer from
major streams

North-facing aspect

Constraints

200 feet buffer from
roads

1 mile radius from
campsites

streams “The lady giving me a ride into town told me to look out my
— window to the right... | saw a very large hairy creature
roads walking across a wide, dried up creekbed... My friend told
= me she sees them all the time out there near her home, so
canopy it was just a normal thing for her”

Value - Bigfoot sighting, Del Norte County, January1979

[Jo-42

5 E42-85

Mss - 127

Conclusion

Probability Index

1
0
Al
[ M
| K]
.

17000 34,000

The most suitable Bigfoot habitats are along Redwood Creek

| 1L Ll Lol £ 4L | A ool o o)

water and shady regions. They don't like people, so
they avoid campgrounds and roads, though there have
been multiple records where citing occur near and on
campgrounds and roads.

Poster & analysis by Amanda Carlson & Katharine Guan, University of
California, Berkeley

Data Sources: USGS Seamless Server, atlas.ca.gov, www.bfro.net
Projection: NAD 1983 California State Plane | (feet)

brown are where you should go to find Bigfoot. However, these
probabilities are not very strong and we suggest further analysis
on other parks to better find Bigfoot.
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HSM Process

Occurrences (Sample Data) Spreadsheets

Lat Lon Temp Precip

— | 105504 40.35819 5.32 58.4

-107.472 40.498 6.31 47.6

émperature l

Environmental Layers -

. Modelin
(Predictors) I\/(I)edtiodg

Habitat Suitability Map

100 1

Map

Generation

Model Parameters

Variable Param1l Param?2
Annual -0.05 0.0
Precip

Annual 0.61 0.0
Temp.

Model of Purple Loosestrife in Colorado, Catherine Jarnevich, PhD
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i Input Data

1 + Sample Data:
— Typically points
— Usually “Occurrences” or “Observations”
— Often opportunistic, integrated data
— Typically of unknown uncertainty

* Predictor layers
— Environmental factors/characteristics
— Typically rasters
— Huge variety
— Typically of unknown uncertainty
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From The Global Biodiversity Information Facility (www.gbif.org, 2011)
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8l January 15t Dates

If you put just a “year”’, like 2011, into a
relational database, the database will
return:

— Midnight, January 1%t, of that year

In other words:

— 2011 becomes:
—2011-01-01 00:00:00.00
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Predictor Layers

4 + Remotely sensed:
— DEMSs, Visual, IR, NIR, SST, NPP, Sea Height
== * Integrated from multiple data sets:
| — Bathymetry
.- %+ Interpolated:
i — Temp, precipitation, wind
— DO, Sub-surface temp, salinity, bottom type

* Processed from other layers:
— Slope, aspect, distance to shore

~ + From other models:
— Climate
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Road Map of Uncertainty

Gridding

Spatial Precision Sample Predictor * Noise
Spatial Accuracy Data Layers « Correlation
Sample Bias * Interpolation Error
|dentification Errors « Spatial Errors
Date problems  Measurement Errors
Gross Errors « Temporal Uncertainty
» Overfitling? Modeling Software f¢—— Settings
* Assumptions?

* How to determine?

l

l

l

Habitat Map

Response Curves

Model Performance Measures
Number of Parameters

Realistic?
Uncertainty maps?

« Match expectations?
* Over-fit?

AIC, AlCc, BIC, AUC

 Accurate measures?

What is the best model?
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Road Map of Uncertainty

Gridding

Spatial Precision Sample Predictor * Noise
Spatial Accuracy Data Layers » Correlation
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Uncertainty maps?
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* Over-fit?
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« Accurate measures?

What is the best model?
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SEAMAP

« Southeast Area Monitoring and
Assessment Program (SEAMAP)
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Red Snapper

* An important recreational and
commercial species e

$7 - 70 million/year

outdooralabama.com
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Sea Surface Temperature (SST)
NOAA

AVHRR Pathfinder Satellite

Spatial: 9km

Measured: <0.4 K

Net Primary Production (NPP)
Milligrams of Carbon per

Meter Squared per Day

OSU Ocean Productivity
Uncertainty?

Density of

Platforms and Pipelines

Created from Bureau of Ocean Energy
Management (BOEM) Point Data Set
Uncertainty?

Bathymetry

Resampled from 90m

NOAA Coastal Inundation Dataset
And others

Uncertainty < 9km

“,-.f ;
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Predictor Resolution

(% ¥ . Should model at the lowest resolution of
the predictor layers or lower

e | ower resolution:

— Can reduce problems from sample data
uncertainty

— In same cases can combine sample data
Into measures such as CPUE, density,
abundance

— Reduces detall of final model
For these tests: 9km
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Sample Data

« Spatial Precision
o — Standard Deviation of about 2 km
PGSl « Spatial Accuracy:

G - <Tkm
==+ Sampling Bias:
‘ — Some areas more heavily sampled
* |dentification Errors:
— Unknown but red snapper are pretty easy to identify
"« Date problems:
— Not a temporal model
+ Gridding:

— Not at 9 kilometers
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Histograms of Predictor Layers

Bathymetry Histogram
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Predictor Layer Uncertainty
Noise: Minimal

4 * Correlation: Eliminate NPP

o= * Spatial Errors: Unknown, < 9km?
¥.- « Measurement errors: Minimal to

~ Unknown 0

0.9
0.8
07
06
05
e ] 04
T 03
0.2
0.1

Spearman’s Coefficient
NPP to SST |}
Correlation: 0.99 %80 01 02 03 04 05 06 07 08 0.9
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Modeling Software: Maxent

. A - Popular, relatively easy to use

@ * Only requires presence points

Ml « Known for over-fitting
“+-.s + Performs “piece-wise” regression

* ASsSumes:
— Predictors are error free
— Independence of errors in response
— Lack of correlation in predictors
— Constant variance
— Random data collection over sample area
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Area Under the Curve (AUC)

* Area under a Recelver Operator Curve

(ROC)

pular for
HSM

* Encourages

over-fitting

Proportion of Occurrences Within the Model

09 A

0.8 -

0.7 A

0.6 -

0.5 1

04 -

Receiver Operator Curve

= Random (0.5)

Some Prediction (.7)

— Better Prediction (0.9)

— e |

0O 01 02 03 04 05 06 07 08 09
Proportion of Sample Area Within The Model

1
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i \kaike Information Criterion (AIC)

Balance between complexity:
— Over fitting or modeling the residuals (errors)
~ a5  —Lots of parameters
. Ve  And bias
s  — Under fitting or the model is missing part of
the phenomenon we are trying to model

e, — Too few parameters
i. - » Smaller is “better”

* Must be used with the same samples and
predictors between models
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Parsimony

Under fitting Over fitting
model structure residual variation
...iIncluded in the Is included as if it were
residuals structural /’

Bias?
Variance

Few Many
Number of Parameters

Anderson


http://jan.ucc.nau.edu/~rcb7/namNm15.jpg

Experiments

Different regularization multipliers
— Select reqularization for other tests
i ' + Try different numbers of samples
Tl — Determine the number of samples to use

» “Jiggle” the sample data spatially
— Introduce different amounts of spatial error
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BlueSpray

GIS Application for Natural Resources
and Environmental Research

— Specifically HSM

Avallable at www.schoonerturtles.com

Free for beta testers In environmental
research and conservation

Contact Jim at:
img@schoonerturtles.com for the
passcode
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Impact of Sample Points on Performance Measures

e AU C AIC

0.95 80000
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AIC
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09 T T T T T O

10 20 30 50 70 100
Percent of Total Points

Number of Samples | Number of Parameters _

10% 7549 0.947
20% 1330 166 13,258 0.941
30% 1995 120 16,850 0.936
50% 3326 159 23,839 0.929
70% 4656 162 28,293 0.924

100% 6651 81 72,901 0.918
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_ Jiggling The Samples

1 - Randomly shifting the position of the
points based on a given standard
deviation based on sample uncertainty

-\ A

LI
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Uncertainty Maps

« Standard Deviation of Jiggling Points by
4.4km

0.0008 NG 0.32

Mississippi apaTe Georgia
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Conclusion

™ . We can improve HSMs over the default
& settings in Maxent

ﬂ% « We can determine uncertainty in some
A Se= cases

— Support uncertainty for each data point

— Improve uncertainty analysis and
visualization for predictor layers

— Begin adding uncertainty analysis and maps
to products
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Sources of Uncertainty

Uncertainty? > Real World

Protocol Errors, Sampling Bias,
and Instrument Error

Unintended Conversions —>—<——>

Uncertainty increases with
processing, human errors

Digital Copy |«

Incorrect method,
Interpretation errors

Representation errors

Interpretation errors
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Communicating Uncertainy

Representation of uncertainty: Buffered Model Result - Standard Model Result
(Value of 1 given to all 26 parameters in both model runs
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