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Agricultural Production
Heterogeneity - Biodiversity

® NSERC Strategic Project 2010-2013

® Co-Pl with Lenore Fahrig, Doug King,
Kathryn Lindsay, Post-docs Jon Pasher; Adam
Smith, Jude Girard, Dennis Duro

® Actually,Landscape indicators and agri-
environmental policies for biodiversity
enhancement on agricultural lands”
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Research Objectives

|. to determine which measure(s) of
landscape heterogeneity are the best
indicators (i.e., best predictors) of
biodiversity in agricultural landscapes;

® heterogeneity of natural area
® diversity of production area

® pattern of production area
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Amount of Natural Area is NOT in our Study
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o research is feasible,

2 results are known, policy is limited

low research priority
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Heterogeneity of Natural Area

biodiversity

research is feasible,
results are partly known, policy is feasible?

— mMmoderate research priority _
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Diversity of Production Area

%

biodiversity

research is feasible,
results are unknown, policy is feasible

diversity of production area high research priority
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Pattern of Production Area
E

research is feasible,
results are unknown, policy is feasible
attern of production area . .
P P — high research priority
Carleton ‘gg LEL
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Research Objectives

2. to determine the appropriate spatial extent(s) at which
the indicators best predict biodiversity and therefore the

spatial extent(s) at which farmland policies should be
implemented;



farmland
heterogeneity
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Research Objectives

3. to determine the relative importance of landscape
heterogeneity and farming practices on farmland
biodiversity;
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farmland heterogeneity

biodiversity

farming practices
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Research Objectives

4. to determine which agri-environmental policies are most
effective at increasing the 'best’ farmland biodiversity indicators
(as identified in objective ).
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biodiversity

Site Selection
(““Pasher Protocol™)

(Semi-) Natural Area
(NON-Production Agriculture)

/

Amount (% cover)

\

\

Diversity (# of types)

Farmland
Structure

/

# of cover types
Diversity:[
Evenness

Pattern scale (ie. Avg patch size) |

Area

Production —l Heterogeneity

£

w0

E

@

= ?

T

9 -

0
P o . o N /’/ . = ™~
(Cover richness of production area)  (* scale of production pattern )
N P ~_ (ie avgfield size) P

Pattern variance (ie.
Variance of patch size)

Pattern shape complexity

Pasher et al. (2013)

/
e AFGLEL



Selection Criteria

® N = |00 (final set)

® > N — Temporal changes / permissions / errors /
other...

e Multiple Extents (i.e. Ix] km, 2x2 km...)

e All criteria satisfied at each extent (!)

® > 60% Production Agriculture (row crops, hay, pasture)

® Variety of Heterogeneity Levels
® Diversity - # of cover types

® Distribution of average field sizes
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Areas With > 60% Active Agriculture?
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AAFC Crop Classification Data

Legend

0 MO Data

20 water

30 Barren

34 Urban

50 shrubland

80 wetland

110 Grassland

122 Pasture-Forage (grouped classes 125 and 126)
125 Forage

126 Permanent Pasture

136 Soyhean

137 corn

150 Cereals (grouped classes from 151 to 162)
151 Barley

152 wheat

159 oats

151 Potato

197 Buckwheat

200 Forest

® Fieldt

M Non Agricultural Classes
[ Hay/Pasture

L1 Corn
I Soybean
(] Cereals
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Landsat Multispectral Imagery
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5l | andsat NDV/
Colour Composite

Combine Using
Majority of Pixels
Per Object and
Filter Out Small
Objects
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Class Diversity

Scatterplot Between Metrics
(Ikm x Ikm window)
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Include some sites
of extreme
conditions?

Average Field Size



Maximum Extent for Landscapes
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® Beyond a maximum extent (of
interest) landscapes would not
have enough variation to
provide variability in field sites

® Approximately 3km x 3km
extent

® |[nsignificant differences once >
3km

® Also want landscapes as small
as possible since they cannot
overlap!
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Coefficient of Variation (StandDeviMean)
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Some results
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L Fahrig et al. / Agriculture, Ecosystems and Environment 200 (2015) 219-234
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Ecosystem services results — biological control
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D.C. Duro et al. /| Remote Sensing of Environment 144 (2014) 214-225
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5. Conclusion

Our findings indicate that when modeling species diversity of birds
and plants in agricultural environments, predictors derived from con-
tinuous information of crop productivity (NDVI) were consistently
ranked higher than predictors derived from information based on a dis-
crete classification of Landsat imagery. Furthermore, local measures of
spatial autocorrelation, specifically the local Moran's I, are useful indica-
tors of spectral heterogeneity, at least on par with existing measures
such as simple image-based texture (CV). From a practical standpoint,
the use of continuous information is preferable, as discrete land cover
classifications involve an inherent level of error and generalization,
and can be costly to produce and validate. While the overall amounts
of variability explained by our taxon-specific models were low, they
were generally commensurate with similar studies that relied on
Landsat imagery.
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Further work in E.On.

Jesse van den Berg: fuzzy logic to express
heterogeneity

Patrick Kirby: uncertainty from spatial data

Niloofar Alavi: further investigation of getting more
info from imagery

Michelle Fairbrother: evaluating other measures of
landscape heterogeneity

Tonia Tanner:“porting” results from this project to
landscape scenario exploration tool/project

Amanda Martin: practices



Monte Carlo-based analysis of the effect of spatial and

thematic uncertainty on biodiversity models

Environmental Studies
. e . . Geomatics & Landscape Ecology Laboratory, Dept. of Geography and Environmental Studies,
Patrick Kir b.‘ & Dr. Scott Mitchell Carleton University, Ottawa, Canada - (Patrick.Kirby, Scott.Mitchell)@carleton.c:

Abstract ethods: Spatial Uncertaint Methods: Simulat

Monte Carlo (MC) simulation is a common approach to quantifying * Spatial uncertainty considered for fields that had been digitized Generate field polygons with Generate simulated field classes For boundary alternates, select a Recalculate prop.ag, : .
uncertainty. We used MC simulation to generate multiple alternate from high resolution air photos (0.5 m resolution) alternate vertex positions by by MC sampling of class single representation by MC log.mfs, crop.div and [Fileian 1<) el E ity
land: b d f ¢ f tial and th ti . . . . X . . MC sampling of vertex membership probabilities sampling of boundary rebuild all linear candidate Sl coefflclent.s and
an Scape maps, based on estimates ot spatial and thematic . * Spatial uncertainty estimates consider uncertainty in vertex position position uncertainty model (2011 data only) probabilities, removing others models standard error estimates
uncertainty. From these maps, alternate sets of landscape metrics and uncertainty in boundary interpretation (Fig. 3). Figure 6. Flow chart for full reali generation. Repeated 2000 times.

were calculated and used to refit biodiversity models. Results
indicate that the uncertainty estimates from model averaging

outweigh the effects of spatial and thematic uncertainty in the O Uncertain = ulated Landscap e Metrics :
landscape metrics. Some shifts between reference and simulated vertex position S o - S ; @ \ ; \ . Legend
model averaged coefficients indicate the need for further research E;‘;’;g:; ) i 3 | ! Comn
into simulation approaches that consider spatial autocorrelation. Soybean
Hay
| [ Pasture
Introduc \ ¢ ILegumes
« There is a recognized need for approaches to accounting for spatial a) Field or fields b) Re-digitized copies of field(s) ‘1 | Cereal
and thematic uncertainties in remote sensing and Geographic Figure 3. Spatial uncertainty considered in digitized fields. % y ‘4: 5 , B Fallow
. . S : e o — e e Map
Information Systems products (Shi et. al. 1999) Uncertainty in Vertex Position a) Landscape A Ml;zelr_sandscape A classification c¢) Realization example #1 d) Realization example #2 ¢) Realization example #3 \:lBoundary

* MC simulation is a common, black-box approach to quantifying «Modelled b 1 distributions in hori land cal 0 250 500 1,000
uncertainty, that involves generating multiple error-sensitized inputs odelled by normal distributions in horizontal and vertical Figure 7. Example of (a) a landscape with (b) a classification and (c,d,e) realizations of alternate crop type and boundary interpretation. Vertex realizations not shown.

(or realizations), performing an analysis, and analysing the output directions with a global variance estimate

o o o
distribution « Variance estimated by vertex matching across 24 re-digitized subsets 1 _ JLegend 3 & 8
Lo of 100 fields Ref »
Objectives: { S = ] &g
] Boundary §R 5K RS
1. Demonstrate an approach to generating realizations of alternate Uncertainty in Boundary Interpretation " E E £
landscape structure and composition in an agricultural landscape ] Reztasties 8 8 "8
P P g P * Reference fields with uncertain boundaries were duplicated T - -
2.For a set of biodiversity models, compare the influence of spatial . . . ﬂb
. 1Ly mocets, P otsp * Duplicates split or merged to represent alternate boundaries o o = °
and thematic uncertainties in landscape maps to modelling : 0.67 0.69 0.71 958 99 100 10.1 10.2 0’8 12 16 2.0
uncertainty estimates that do not consider these uncertainties * Alternates assigned probability estimates based on air photo - — Meters F_“) o. bi tp'rl()]p?g i o b) i lfog‘?‘fs . A ;3}00 izati ““pif'; .
interpretation and Canny edge detection (Fig. 4 0 50100 200 300 igure 9. Distribution of sir metrics for L , ACrOss realizations. Red line
P C Y edg (Fig. 4) Figure 8. Reference field boundary with ten represents the reference value. (a) Proportion of land in agricultural production. (b) Mean field
Bac realizations of vertex positions. size, logged. (c) Shannon crop diversity.
* Models are from the GLEL 5
Farmland Biodiversity project, Ontarlo >
based on work by Fahrig et. al. - =N - - 3 Tegend
(2011), Pasher et. al. (2013), Duro - i oS
. N | O
et. al. (.2014% and Fahrig et. al. Figure 4. Potential field boundary with detections from three . = fo | mEmmh LT &p\@bc
(Submitted). Canny edge detection runs of varying thresholds. -2 2 3 B ;' ‘\é?" @\y
g ] g I
; f Q) . . . 2 2 g T Lo Proportion of land in
Predictors (landscape metrics): « Alternates weighted 25% in favour of reference boundary, with 75% S S S i ¢ 1| agriculuural production
. . Al | ~ L 2
1. Proportion of land in agricultural determined by proportion of edge detected by Canny detector (up to ! ' E (propag)
. o | Mean field size, logged
production (prop.ag) 25% for each threshold range) : 3 WO g
H - 259 i i N [N o Lo
2. Mean field size, logged (log.mfs) + Up to +/- 25% leeway based on photo interpretation " propag  logmfs  crop.div T propag  logmfs  crop.div U7 popag  logmfs  cropdiv | gy Shanmon crop diversity
3. Shannon crop diversity (crop.div) e = « Some alternates involved boundaries being taken out of a) Beetles Gamma Diversity b) Birds Gamma Diversity c¢) Butterflies Gamma Diversity (crop.div)
. 3 Kilometers . . = 95% fidence interval esenti
p— JM:'“:H X oo consideration for fields that may be abandoned or lawns < -7 . N ancertainty in reforence cosffeient that
L . er County dscape 1y of Ot B ! an b sample
« Year 2012 indicator variable Provinca of Otario [l 201 Landscape. < Wator Body T T ! o ;:'L',‘dzmg'b"'“‘ to the sample and
5 — lighw b |
included, as data was collected at o i wese i Costoncn e o 5 1 o 95% confid I i
DMTIC . 2012; CDC Epi Y . 0 = B i = n 5% confidence interval representing
plots from two separate years Figure 1. Study area map. Methods: Thematic Uncer tainty 3 i 3 | uncertainty in simulated coutfcients.
- N . - E £ 1 hat can be attributed
* We adopted a scenario where reference crop.div metrics for 2011 iy : : 3 } o rop.a Togms. and crapudiy
: . : . . N . . [§] i 3 > log.mfs, -
Response Variables: 3 to 4 diversity types for 6 taxonomic groups were based on a supervised random forest classification of four 1 - 1 measurements
(23 total; 1 used for each biodiversity model) Landsat 5 Thematic Mapper scenes throughout the growing season © | + 95% confidence interval representing
T o ! uncertainty in simulated coefficients
. . . . . . e i ! I -
« Diversity types: alpha, beta, gamma, abundance « Pixel-specific estimates of class membership probability were based il Lol ~ ~ 1 that can be attributed to the sample
: : : : : on class assignments across 500 decision trees, re-scaled on 0 to 1 prop-ag logmfs  cropdiv ' Prop-ag log.mfs crop.div ' propag logmfs crop.div and modelling
* Taxonomic groups: beetles, birds, butterflies, plants, spiders, syrphids & ’ d) Plants Gamma Diversity e) Spiders Gamma Diversity ) Syrphids Gamma Diversity Table2. U -
: it able 2. Uncertainty in coefficients
« For each biodiversity model, the parameters of seven linear * Class membership probabilities aggregated to the field level by Figure 10. Model averaged biodiversity coefficients for the reference and simulated data. Comparison of error bars on due to uncertainty iz landscape
. L . . . averaging pixels within field boundaries (shrunken boundaries used. the simulated coefficients shows the influence of spatial and thematic uncertainties in the landscape metrics, . N .
candidate models (different combinations of predictors) were sing P . . . ? relative to the model averaging uncertainty estimates (consider sample and modelling uncertainties). metrics, relative to uncer?amly due
averaged based on fit and simplicity (AICc weights) where possible, to avoid mixed pixels along edges) to the sample and modelling.
1 M 109 2 hifte q <1 1 9
Table 1. Areal (k') error matrix of the crop classification. « Effects of unc_ertamty in the landscape metrics (sz..) * Some shifts betwee_n reference and sm?ulatgd coefficients Coofisiont | AVerage St to
on the coefficients was less was less than the effects were observed, particularly for crop.div (Fig. 10) el 2 ;
Legend Reference User's £th . iated with th le and Stodavg. Proportion
Com Comn [Soybean| Hay |Pasture|Legumes| Cereal | Fallow | Accuracy o tdel?ncerta;umy a;s_omil(t)e V;l"tl' ;1 eZSamp € an « Shifts indicate a need for further research into simulation Borop.ag 0.029
|| 1Soybean Com | 86501 | 4152 | 1091 | 388 ° 260 | 640 | 93.0% modelling (s ) (Fig. 10 and Table 2) approaches that consider spatial autocorrelation in Biog.mis 0.033
| [ Hay g 702 | o173 | 755 | 162 | o | s | oo | e20% « See Anderson (2008) for model averaging details landscapes of this nature Berop v 0.144
| 77 Pasture = | Hay 0 0 34622 | 3335 | 8616 0 109.7 72.6%
S
[ Legumes = | Pasture| 92 57 442.8 | 16008 | 101.0 0 308 73.1% < - .
ICereal Z llegumes] o | o5 | veis | 160 [swa | o | o | sex Conclusions Acknowledgements
B Fallow O [cereal | o 573 | 2470 o 0 7350 | 1260 | 63a% For these landscapes, Monte Carlo simulation can be used to We gppreciate 'flssistance and. guidance frum. Andrew Davidson, Dennis Quro, Lenore
[IMap Boundary Fallow | o 73 %03 | 1047 | 1427 0 1434 | 204% quantify and compare the effects of spatial and thematic Fah.ng, Jude erard, Dot‘xg Knjng, Kathryn Lindsay, Jon Pasher, Murray Rl.ChardSC:n, Adam
L ! Producer's Overall: L Lo . Smith, Lutz Tischendorf, Jessica van den Berg as well as others involved in the GLEL
Digitized Field 923% | oas% | 667% | 75.9% | asax | saow | s0a% | ol uncertainties on model coefficients, without the need for likely - . .
Boundary Accuracy - f Ivtical hes. The infl £ th Farmland Biodiversity project. Ground reference data from Agriculture Canada were
more-CQmP X analyhica aPproac 8. ? intluence ot these used to supplement training samples. Funding provided through Environment Canada.
TP E— uncertainties on the coefficients was considerably less than the
Legend influence of uncertainties associated with the sample and References
Corn modelling (which were considered by the model averaging
ioybean uncertainty estimates). The landscape metrics, particularly
ay ; C., Girard, J., King, D.J., Fahrig, L., Mitchell, S., Lindsay, K., Tischendorf, L. (2014). Predicting specics
N [ Pasture prop.ag and log.mfs, were reliable. diversity in agricultural environments using Landsat TM imagery. Remote Sensing of Environment, 144:
214-225.
Legumes Shifts between reference and simulated coefficients, mainly for Fahrig, L., Baudry, J., Brotons, L., Burel, E.G,, Crist, TO,, Fuller, R.J., Sirami, C., Siriwardena, G.M., Martin, J.L
Nl -Cereal crop.div, were an issue. These likely arose due, in part, to fields (11?;;:)101 tior landscape and animal in agricultural Ecology Letters,
d) 1;:1\':0};3&3& log.mfs, s Z ool O ":_Aa”o‘g 5 being simulated independently, without consideration of spatial Fahrig, L., Girard, J., Duro, D., Pasher, 1., Smith, A., King, D., Lindsay, K., Mitchell, S., Tischendorf, L.
- e : : lap Boundary p . o . . Farmlands with smaller crop fields have higher 2 24 Feb 2014 to Ecologica
-— o Meters andscape B classification N autocorrelation of crop types in nearby fields. More research Pasher, J., Mitchell, S.W., King, D.J., Fahrig, L., Smith, A.C., & Lindsay, K.E. (2013). Optimizing landscape
0 250 500 1,000 h 20500 1 Og/ll)eters A into simulation approaches that consider spatial autocorrelation, selection for estimating relative effects of landscape variables on ecological responses. Landscape Ecology,
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® We found important effects of both farming practices and farmland
heterogeneity on multidiversity. In particular, we found greater
diversity in untilled, perennial crop fields than tilled, annual row crop
fields, and greater diversity in agricultural landscapes with smaller
crop fields and less diverse crops. The negative effect of crop
diversity on multidiversity indicates that this aspect of farmland
heterogeneity does not necessarily benefit wildlife species.
Nevertheless, a compelling implication of this study is that it
suggests that policies/guidelines aimed at reducing crop field sizes
would be at least as effective for conservation of biodiversity within
working agricultural landscapes as those desighed to promote
wildlife-friendly farming practices.
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Fig. 5. Standardized effects (95% confidence interval; Cl) of six farming practices (field

rotation, fertilizer use, herbicide use, insecticide use, tiling, tillage), two measures of

farmland heterogeneity (field size, crop diversity), and crop cover on farmland

multidiversity. We modeled multidiversity as a function of the nine standardized

predictor variables, plus a fixed effect of sampling location (field edge or field interior)

and a random effect of sampling area, using a linear mixed effects model. Effects are

ordered from the strongest (left) to weakest (right) effect.



FarmLand

European network on farmland heterogeneity, biodiversity and
ecosystem services

About Objectives Partners Funding

About the project FarmLand

Agricultural landscapes occupy 40% of the available land area in Europe. They play an important role in
providing habitat for wild plants and animals that contribute significantly to agricultural production through
services such as crop pollination and control of crop pests. In many regions farm fields are becoming ever
larger, and many agricultural regions are now dedicated to a small number of crop types. How did these

changes in farmland pattern affect farmland wildlife and the services they provide for agriculture? FarmLand

addresses this question by bringing together teams from France, Germany, Great Britain, Spain and Canada.

Agricultural landscapes which contain significant areas of semi-natural lands have higher wildlife diversity and
better ecosystem services. However, policies encouraging seminatural field margins or semi-natural strips
within crop fields require taking crop area out of production, which is often not feasible. It has been suggested
that, in addition to the area of seminatural habitats, the spatial heterogeneity of the cropped lands may be

€ positively related to wild plant and animal diversity and to their provision of ecosystem services.

The aim of FarmLand is to test the role of both compositional and configurational heterogeneity for
biodiversity and ecosystem services in agricultural landscapes. This has not been attempted so far at such a
scale and through such an integrated approach.
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Multitrophic biodiversity
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Extreme weather: envisioning
Ontario agriculture

Scott Mitchellt, Anna Zaytseval, Dan MacDonald2, and Ruth Waldick?.2

Adaptation Canada 2016

z'? Ontario

(1) & "AGRICULTURE, FOOD ano RURAL AFFAIRS

c; Geography &

Carleton Agriculture and Agriculture et
'''''''''' Environmental Studies (2) I * I Agri-Food Canada Agroalimentaire Canada



Purpose -> constraints

e “..create and deliver information about prospective climate extremes that
will affect Ontario’s agriculture sector and rural communities. We will
develop a decision support model (DSM) to characterize risk and
vulnerabilities associated with climate change and extremes in agriculture,
allowing users to plan for and mitigate risks by evaluating different
adaptation choices.”

 spatial scenario modelling framework —impacts on crops and livestock*
* map-based, field-level mapping; expectations

» data realities: weather stations (time), GCM resolution

* temporal scales at which can say much about future extreme events are hard to translate to
impacts to crops and livestock

* use of seasonal, phenology-linked indices with links to specific crops



Study area: eastern Ontario
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Indices derived from “just” weather data

* E. Ontario not expected to be a hotspot of weather extremes

* but types of extremes of particular relevance in “regular” agricultural
operations are not necessarily what people first think of as “extreme”

e “standard” indices are available to analyse and compare
weather / extremes

* useful to describe general trends

* some, however, mask processes that are important to agriculture



Why extremes? This is NOT the whole story!

Growing season length
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The Question

* How will day to day
farm operations be

affected by changing
weather patterns?

* Focus on seeding
operations for cash
crop farms.

» Corn/soy/cereal
based rotations.
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Indicator development

Extensive literature review (close to 100 sources
reviewed)

Expert consultations (AAFC, OMAFRA)

Crop tolerance thresholds to T and P conditions at
various phenological stages were identified

Yield loss percentages associated with threshold
exceedance were studied



MORE CROP RELEVANT INDICES: FOCUS ON
SEASONAL PHENOLOGY

* Corn (for example):

Index name Definition Units
Corn:
: .\ Weekly precipitation 30% greater than weekly mean
P d dit ks/
00T Sceding conditions precipitation (between April 23 and May 20) weekslyeat
: Weekly precipitation 30% greater than weekly mean
Early flood ks/
arly Hooding precipitation with 1 to 780 accumulated CHUs Weeksyeat
Pollination drought CDD >10 with 1,301 to 1,600 accumulated CHUs annual occurrence (Yes or No)
R2 (blister) drought P<45mm with 1,601 to 1,825 accumulated CHUs annual occurrence (Yes or No)

R3 (milk) drought
Early killing frost
R4 (dough) drought

Fall killing frost

P<45mm with 1,826 to 2,000 accumulated CHUs
Tmin <=-2°C with 2,165 to 2,475 accumulated CHUs
P<8mm with 2,001 to 2,165 accumulated CHUs

Tmin <=-2°C with 2,476 to 2,600 accumulated CHUs

(Zaytseva M.Sc. Thesis)

annual occurrence (Yes or No)
days/year
annual occurrence (Yes or No)

days/year



Soybean-specific indices

Index name Definition Units

Soybeans:
Weekly precipitation 30% greater than weekly mean

P di diti ks/

00r seccing conditions precipitation (weeks between May 7 and June 10) weeksiyear
Spring killing frost Tmin <0°C 26 to 50 days after seeding days/year

N o N
Early flooding Precipitation 39 Yo greater than weekly precipitation 25 to 45 weeks/year
days after seeding

Cool nights Tmin <10°C for 5+ days 45-55 days after seeding annual occurrence (Yes or No)
Warm nights Tmin>=24°C 55 to 100 days after seeding days/year
Mid-season flooding Precipitation >90mm 60 to 80 days after seeding annual occurrence (Yes or No)
Pod filling drought Precipitation <10mm 81 to 95 days after seeding annual occurrence (Yes or No)
Early killing frost Tmin <-1°C between 90 and 100 days after seeding days/year
Extreme heat Mean Tmax>33°C 95-120 days after seeding days/year
Fall killing frost Tmin <-1°C 101 to 110 days after seeding; days/year

Seed development drought P<Smm 96-115 days after seeding annual occurrence (Yes or No)



Example: early flooding

Early flooding, 1961-1985 Early flooding, 1986-2010

Weeks per year
<22
Weeks per year [ 22-25
<22 B 251-238
B 22-25

na

N >28
| n‘a

A. Zaytseva’s DRAFT M.Sc. Thesis (Carleton
University).



Simulation model for Eastern Ontario
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Processed post-run results (Corn)

Early flooding, 1961-1985

Early flooding, 1986-2010

Weceks per year
= <2

. 201-22
. 221-25

Early flooding, 2011-2035

) Kolomatars

Poor seeding conditions, 1961-1985

i M)

Poor seeding conditions, 1986-2010

_

< omatars

Waeeks per year
<1

. 12113

Poor seeding conditions, 2011-2035

omaters

Weeks per year
<1.1
B 1.1-1.2
B 121-13
B - 13

Weeks per year

B 221-25
B 251-238
B 25




Envision Eastern Ontario Model

* 2844 farms of 22 farm types

— Based on census of agriculture statistics
— Spatially distributed on the landscape

* Average farm size, not their real locations

 Weather and farming operations follow a daily
time step.

— Maximum and minimum temperature and
precipitation.

* Crops development - heat unit based growth
curves.



Example: projected seeding delays

Area "lost" to fallow due to seeding delays
12000

9000

6000

3000

2011 2012 2013 2014 2015 2016 2019 2020

B 541 B 543 B 544 B 545 B 546 B 547



s
Processed post-run results (Corn)

Poor seeding conditions (corn)
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Processed post-run results (Corn)

Poor seeding conditions (corn)

4000000
3500000
3000000
©
< 2500000
o
g
T}
£ 2000000
©
©
d
< 1500000
1000000
500000 ‘
‘ ‘ /N “‘
0 LA A
7076070707070 707070707070 7070707070707070h T N T T N TN T TN T T T T N O O
Year
= Historic —inmcm4-r1 — CSIRO-Mk3-6-0-r1 MRI-CGCM3-r1
— CCSM4-r2 —MIROCS5-r3 —ACCESS1-0-r1 —GFDL-ESM2G-r1

— CNRM-CM5-r1 emmHadGEM2-CC-r1 e CanESM2-r1 e==\PI-ESM



Output maps and graphs (generic weather
variables and extremes)
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Trends and transitions between
farm types and in the spatial
layout of farm fields.




Present Trends in Agriculture:

* Every 5 years the number of
farms in eastern Ontario

decreases by an average of
364

* Average farm size is increasing
at a rate of between 5to 9 ha
every 5 years throughout the
region

* As a result, we have fewer
larger farms

Stormont, Dundas and
Glengarry United Counties

Prescott and Russell United
Counties

Ottawa-Carleton Regional
Municipality

Total Number of Farms in eastern Ontario
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Average Farm Size in eastern Ontario
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Farm Type and Size Trends

Cow Calf

Beef and Grain -

Dairy and Grain I
, Dairy and Hay “
Dairy
Beef - Feeder
Beef
| Cow calf and field crop I

Feeder and Field Crop

— Field Crop I
— Field Crop and Dairy I

. Field Crop and Beef
Field Crop P 4

Farm TYPQS J — Field Crop and Other livestock I

— Field Crop Hogs
— Field Crop and Poultry

— Poultry and Egg | Poultry and Egg

— Field Crop Cow Calf
— Field Crop Feeder I

Poultry and Egg and Field Crops

, Other Livestock and Field Cropst
N—
Other Livestock [ Other Livestock

Swine and Field Crops
— Hogs [ , P

— Fruit and vegetable

Other Crops

O

Indicates a decrease in the
number of these farm types

Indicates an increase in the
number of these farm types

Indicates an increase in the averag
size of these farm types



Field sizes are growing
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Figure 1. Maps displaying 15km by 15km agricultural landscape showing only corn fields and Figure 2. Histogram showing corn field size
their size differences between 1989-2011, as extracted from Landsat imagery (White & Roy, change from 1989 to 2011 (White & Roy, 2015).

2015).



Quantifying field size change in eastern Ontario




Consolidation of fields

2011 2015
Number of fields: 10  Number of fields: 1
Average field size: Average field size:

1.81 ha 19.56 ha

All satellite images from Google Earth



When do expansion events stop, in
a given year?

B Kilometers
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ABOUT “Scenario-based risk assessment decision support modelling tools for regional climate change and climate
extremes, impacts and adaptation in agricultural watersheds” is a project funded by the Ontario Ministry of
NEWS
Agriculture, Food, and Rural Affairs’ New Directions Research Program. One of our main objectives is to

CONTACT provide a clearing-house for information and resources that are useful for evaluating climate change in

Ontario, starting with our pilot program in eastern Ontario.




