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Summary 

 

 Following a review and analysis of regional climate trends for the prior 100 years, The 

Upper Susquehanna Coalition (USC) piloted the development of a GIS planning tool that 

identifies at a landscape scale, where best-management practices (BMP’s) may be implemented 

to improve landscape resiliency to climate change. This effort relied on a review of previous 

watershed studies to identify BMP suitable for reducing farm vulnerability to climate change, 

which was followed by identification of locations suitable for BMP implementation using remote 

sensing techniques. The project limited its scope to those BMP’s that could be remotely 

identified. The current project has two main components – identify BMP’s through landcover 

data and modeling techniques, and then prioritize BMP’s spatially on the landscape using a 

patch-based ranking system. This final report is intended to provide an overview of the tool and 

how the datasets were developed. More technical accounts of climate trend analysis, modeling 

approaches, and climate downscaling are described by Raney et al. 2016, Hunter et al. 2012, and 

Raney and Leopold in review respectively.  

This project is a first attempt to locate and prioritize BMP’s on the landscape to improve 

climate resilience of farms – however, additional watershed studies may be needed to improve 

the precision of targeting, ensure that important types of BMP’s are not being overlooked, and 

that they are being sited in areas that provide the largest benefits. We caution that measures to 

improve farm resilience to climate change may need to accompany broader considerations of 

shifts in which farming practices may or may not remain viable in a rapidly changing climate. 

We also emphasize that other best management practices that could not be remotely identified – 

should also be incorporated on farms. For instance – soil amendment strategies can greatly 

improve soil water holding capacity, but is an example of a BMP not readily identifiable through 

remote sensing. However the tools described herein should allow natural resource managers to 

quickly scan the landscape for areas that under the right circumstances may be suitable for 

installation of BMP’s to reduce vulnerability to climate change.  

 

Introduction 

 

Regional studies suggest the northeast is becoming wetter overall, but may be shifting to 

more episodic rainfall events of higher intensity, coupled with warming temperatures and milder 

winters (Seager et al. 2012; Pederson et al. 2013; Riddle et al. 2014; Clark et al. 2016). Over 

time the northeast is expected to become drier overall(Clark et al. 2016). Recent years in the 

Northeast have seen record summer heat, drought, flooding, all of which threaten the viability of 

New York State’s Farming industry. Steps are needed to safeguard crops, and farm commodities. 

Farmers potentially have several tools at their disposal, and there is some evidence that farms are 

already taking steps to adapt to climate change through crop diversification, utilization of crop 

protection measures (e.g., low tunnels, hoop houses, frost protection measures), altered planting 

regimes, diversification of watering sources for operations, shifts to renewable energy sources. 
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Farms throughout the region have and will likely continue to benefit from practices that improve 

soil health and water holding capacity. Implementation of grazing management plans, including 

rotational grassing, cover-cropping, no-till, soil amendments are all expected to play a vital role 

in improving farm resilience to climate change. While we stress the importance of the 

aforementioned strategies as part of comprehensive farm planning for climate change, other steps 

that result in a modification of current land-use may be required to further farm resilience to 

climate change. 

For instance, several ecological studies point to the importance of maintaining existing 

wetlands, and where possible increasing their abundance on the landscape as a means to reduce 

downstream flooding severity (e.g., Novitzki 1978). Steep slope revegetation is another strategy 

with the potential to slow sheet-flow across the landscape, and improve water-holding capacity 

of farm soils (Tong and Chen 2002). Steeper areas may be suitable for conversion to forested 

crops (e.g., orchards, tree farms), while still retaining flood reduction benefits and remaining 

productive. Both of these measures are readily identified from remotely sensed datasets. Ponds 

and retention basins are also well recognized for their capacity to aid in flood storage as well as 

diversifying water resources for livestock, and irrigation (Céréghino et al. 2014). 

 Forested riparian buffers represent another important landuse type that prevents stream 

bank loss during high-flow events, reduces in stream-temperatures, and improves wildlife habitat 

(Poole and Berman 2001). Many examples of field loss to erosion are evident in impaired stream 

corridors where streamside vegetation is lacking. Unvegetated stream margins result in several 

other negative effects that exacerbate stream and farm vulnerability to climate change including 

– stream channel incision, rising stream temperatures, increased sheer stress during flooding 

events (Norton and Bradford 2009). Moreover, stream incision and channel deepening can lower 

water tables, thereby reducing water-availability for crops in farmed floodplains in times of 

drought.  

In this work, we used landcover, terrain and GIS data, published products and modeling 

tools to identify where BMP’s could be positioned in the landscape to reduce farm vulnerability 

to climate change. Additionally we reviewed trends in climate parameters from Central New 

York to ensure that we were emphasizing BMP’s that made sense based on recent and 

anticipated climate trends for the Northeast. The tools produced are intended to assist district 

staff and natural resource managers with identification of areas suitable for BMP installation that 

may have above average benefits for improving farm resilience to climate change. While BMP’s 

are identified comprehensively across the watershed (i.e., off farm as well), BMP’s closer to 

farms are prioritized. 

 

Methods and materials  

Climate data and trends 

To document trends in seasonal and annual climate variables we acquired monthly 

atmospheric precipitation (PPT), maximum (Tmax) and minimum temperature (Tmin) data from 
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five regionally representative stations from the GHCN (global historic climate network; Menne 

et al. 2012, Table 1). Climate records prior to 1911 were excluded from trend analyses due to 

concerns over record continuity. We focused climate trend analyses on monthly and seasonal 

variables for the averaged prior to trend analyses (Supplement A provides station locations). We 

evaluated monthly and seasonal climate variables (PPT, Tmin, Tmax) for trends using average 

values obtained from five regionally representative, permanently located GCHN stations (years 

1911–2012). Non-parametric Sen slopes (Sen 1968) were used to estimate rates of change (per 

decade) for Tmin, Tmax, and PPT. Mann-Kendall tests were used to estimate trend significance 

(Mann 1945). Trend analyses were performed using the Kendall and zyp packages in R Version 

3.1.1 (R Core Team 2014; Hipel and McLeod 2005; Yue et al. 2002). 

 

Table 1: Regionally representative Global Historical Climate Network Stations used in climate 

trend analysis were positioned permanently in the same geographic locations and experienced 

few temporal lapses in data collection. The consistency of measurements from these locations 

provided a high degree of certainty that climate trends identified were not subject to bias due to 

equipment failure or location changes. Geographic coordinates are in NAD 83. Reproduced with 

permission from Raney et al. (2016). 

GHCND Station 

ID 
Location 

Record 

Length 
Elevation 

(m) 
Latitude Longitude 

USW00014771 
Syracuse Hancock International 

Airport, NY 
1938-2012 130 43.06 -76.26 

USC00301752  Cooperstown, NY 1911-2012 378 42.71 -74.92 

USW00094794 Utica Oneida Co. Airport, NY 1950-2012 217 43.14 -75.38 

USC00301436 Cherry Valley 2 NNE, NY 1944-2011 415 42.82 -74.73 

USC00301799 Cortland, NY 1911-2000 344 42.60 -76.18 

Climate downscaling 

Spatial climatic variables describing evaporative demand on the landscape are rarely 

available at fine spatial resolutions required by conservation planners working at the watershed 

to catchment scale (Fan and Miguez-Macho 2011). We explored the use of a simple climate-

downscaling procedure to provide a repeatable method to describe fine-scale variation in 

evaporative demand across the landscape in New York. To document landscape variability in 

evaporative demand, we acquired climate variables describing long-term atmospheric climate 

normals from the PRISM database (parameter-elevation relationships on independent slopes 

model) including maximum (Tmax), minimum (Tmin), mean temperature (Tmean), maximum 

vapor pressure deficit (Vap_press), and dew point temperature (Tdmean) (Daly et al. 2001), and 

further downscaled these data using statistical models. PRISM data are produced using a 

regression approach that uses terrain variables within a regression framework to interpolate 

observations from a network of weather stations to 800m resolution grids (e.g., Daly et al. 1997; 

Daly et al. 2001; Daly et al. 2008). We explored the use of principal components analysis and 

least squares regression to reduce the dimensionality of these five correlated climate variables 
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and to downscale the data from 800m to the spatial resolution of fine-scale terrain variables 

(10m).  

Using an approach described by Raney and Leopold (in review), we used principal 

components analysis to produce one climate variable (clim_pc1), retaining much of the variation 

in the five original climate variables to facilitate downscaling of a single, comprehensive climate 

variable. We identified terrain and environmental factors associated with clim_pc1 in a least-

squares regression model implemented in R version 3.3.1 (R Core Team 2016). Our model 

included interactions between latitude, elevation and aspect. The model was developed using 800 

m resolution environmental data (same spatial data as the climate data), and then the fitted model 

was used to transfer those relationships to a finer-scale grid, thus supporting statistical 

downscaling of 800m climate data to 10m resolution. 

Predictor variables to facilitate modeling of BMP’s and remote sensing 

USC has developed extensive GIS databases for much of Central New York that describe 

environmental gradients and landuse (e.g., elevation, climate, moisture availability, surface-

water runoff time, soils). Linkage of these GIS layers to statistical modeling platforms (R Core 

Team 2014) in current and prior projects has resulted in the ability to model the distribution of 

habitat features of interest – such as wetland restoration targets. As part of this project, we also 

worked on a climate-downscaling procedure to make regional climate datasets suitable for use in 

modeling procedures, and for aiding in BMP prioritization. 

Twenty-seven environmental variables including terrain, geology, soils, land-cover, and 

climate variables were compiled in ArcGIS 10.3.1 and considered as predictors of pond 

occurrence or otherwise used to identify BMPs using simple GIS analyses (Table 2; ESRI 2015). 

Digital elevation model (DEM) tiles (10m resolution) were compiled and mosaicked to produce 

a seamless raster file. Surface imperfections and errors present in the raw DEM file were 

identified and removed using the fill function in the spatial analyst’s hydrology toolbox (ESRI 

2015). From this filled DEM, several standard terrain variables (e.g., topographic wetness index, 

aspect, slope) were generated using the Geomorphometry and gradient metrics toolbox (Evans et 

al. 2014). Using the land-cover dataset we identified areas likely to be farmed by extracting 

certain landcover classes – cultivated crops, and pasture/hay (Figure 1). Soil texture classes were 

obtained from the SSURGO web-soil databases (NRCS 2010). Soil texture classes (Figure 3) 

were developed by reclassifying thousands of texture variants into 13 more general texture 

classes (e.g., silt loam, gravel), following Hunter et al. (2012). This reclassification approach 

resulted in a smaller number of soil-texture classes across the landscape, removing information 

that was well capture by other terrain variables such as slope %. Similar approaches have been 

widely used in ecological studies (Raney 2014; Stratmann et al. 2016). Soil drainage classes 

were also utilized in the terrain modeling procedure described for pond/detention basin 

construction areas.  
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Figure 1. Potential farms were identified from the National Land Cover Dataset. 
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Table 2 Source environmental data for modeling and climate downscaling. (*) Indicates 

Calculated using Geomorphometric & Gradient Metrics Toolbox in ArcGIS (Evans et al. 2014). 

Variable Source 
Scale or 

Resolution 
Units 

Climate 

Down-

scaling 

Terrain 

Modeling 

Variable 

 Surface 

Runoff 

Model 

Elevation (DEM) National 

Elevation 

Dataset and 

Prism Climate 

Group 

10 and 800 m2 
Meters 

x x  

Latitude 

10 and 800m2 

x    

Aspect Degrees x   
 

Flow Direction Calculated from 

DEM 

10 m2 

Index 
  x 

Flow Accumulation   x 

Surface Runoff Model 

Weighted Flow-

Length Raster 

(Calculated from 

DEM) 

   

x 

Slope 

Calculated from 

DEM 

Percent   x  

*Dissection 

Index x x 

 

*Surface Area Ratio (SAR)  

*Surface Relief Ration (SRR)  

*Hierarchical slope position  

*Landform  

*Exposure  

*Roughness  

*Compound Topographic Index 

(CTI) 

Calculated from 

DEM (Beven 

and Kirkby 

1979) 

 

CTI Focal Mean 

Calculated from 

CTI on a 5-cell 

neighborhood 

averaging 

window 

 

Clim_pc1 (1st Principal 

Components Axis from 5 correlated 

climate variables) 

Downscaled 

from PRISM 

Climate Data 

Index x x 

 

 Mean Temperature (Tmean) 

PRISM Climate 

Group: Long-

term Normals 

1980-2010 

800 m2 

Degrees 

Celsius 
x   

 

 Maximum Temperature (Tmax)  

 Minimum Temperature (Tmin)  

Mean Dew Point Temperature 

(Tdmean) 

 

Vapor Pressure Deficit 

(Vap_press) 
Pascals 

 

Canopy Height  
National Carbon 

Biomass Dataset 
30m2 

Continu

ous 
 x 

 

Bedrock Types 
(Fisher et al. 

1970) 
1:250,000 

Factor 

Levels 

  x 
 

Soil texture and drainage classes 
SSURGO 

(NRCS 2010) 

Various, 

typically 

1:24,000 

  x 

 

National Land Cover Dataset NLCD (2011) 30 m2  x 
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Figure 2. (a) Shows a standard compound topographic index (CTI) describing landscape wetness 

generated from an overland flow model at 10 x 10 m spatial resolution (Beven and Kirkby 1979). 

(b) Shows average CTI value generated from a five cell window average of CTI – derived in 

ArcGIS. Warmer colors indicate drier conditions, whereas blues indicate wetter conditions.  

 

Figure 3. Soil texture classes obtained from the SSURGO soils database and used for predictive 

modeling. 
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Model fitting and remote sensing 

 Wetland restoration areas were compiled from a previous modeling effort described by 

(Hunter et al. 2012). Wetland protection areas, are those identified in the National Wetlands 

Inventory Dataset – and while they are not an exact representation of wetland distribution on the 

landscape, these data provide a guide to consider the protection of wetlands as part of an overall 

climate change adaptation strategy. Riparian buffer areas were identified from gaps in forested 

lands in the National Land Cover Dataset (2011). USC staff identified areas where buffer gaps 

overlapped with modeled wetland restoration opportunities. Additionally, we pulled high-slope 

(>20%) unvegetated slopes from crop lands identified in the NLCD 2011 dataset that intersected 

with a high slope raster layer in ArcGIS.  

The final BMP (pond construction areas), which may potentially double as storm-water 

retention basins depending on the construction methodology, were modeled using the 

distribution of existing ponds. Ponds from the National Wetland Inventory (n=18,668) were used 

as presence locations to model the distribution of ponds throughout the Upper Susquehanna 

River Basin. Upland locations from the New York Natural Heritage ecological communities 

database was used as absences (n=12; NYNHP 2015). Thirty point locations (n=30) were also 

established at random within urban landcover classes (NLCD 2011) and used as absence 

locations. Half of the presence-absence records were used for model building, and the other half 

for model validation – i.e., to assess model uncertainty on location not used to build the model. 

Environmental variables from Table 2 were screened for significance as predictors of pond 

occurrence using a general additive modeling logistic regression framework in R version 3.3.0 

(Wood 2006; R Core Team 2016). 

 

Results 

Climate regimes and trends over time  

Climate observations (PPT, Tmax, Tmin) from regionally representative GCHN weather 

stations (years 1911–2012) indicated an increasing precipitation trend (PPT: December, Spring, 

Annual Total; p <0.05). An atmospheric warming pattern was also detected with most of the 

change occurring in the form of increasing minimum temperatures (Tmin: May, June, July, 

August, Summer; Tmax: April; p<0.05). There were no statistically significant temperature 

decreases over the 101-year period examined (Table 3). 
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Table 3 Trends in monthly climate variables for Central New York. 1911–2012. Data reported 

below are from average values obtained from five regionally representative GHCN stations, 

change is reported per decade. Bold indicates significance at p < 0.05. Reproduced with 

permission from Raney et al. 2016. 

 

 Time 

Period 

PPT  

(mm/decade) 

Tmax 

(°C/decade) 

Tmin 

(°C/decade) 

Monthly Trends 

January 0.7 -0.11 0.00 

February 0.1 0.08 0.05 

March 1.5 0.12 0.07 

April 1.2 0.15 0.09 

May 0.4 0.07 0.12 

June 0.6 0.05 0.18 

July -0.7 0.03 0.14 

August 0.0 0.06 0.17 

September 1.4 0.01 0.08 

October 1.9 -0.11 0.00 

November 1.7 0.10 0.05 

December 2.8 0.06 0.06 

Annual 9.8 0.04 0.07 

Seasonal Trends 

Fall (t-1) 1.4 0.01 0.04 

Winter 1.2 0.04 0.05 

Spring 1.3 0.09 0.08 

Summer -0.3 0.06 0.15 

Climate downscaling 

Results from a principal components analysis of five correlated climate variables (Tmean, 

Tmax, Tmin, Tdmean, Vap_press) indicated that 94.4% of the variation in the original data was 

retained within PC axis 1, effectively documenting variation in atmospheric moisture, and 

temperature variability on the landscape. Using PC 1 (Clim_pc1) as a response variable, as 

regression model was constructed to identify terrain features associated with this climate 

variation to enable statistical downscaling to a finer-scale grid. Fit assessments for the climate 

downscaling model indicated models accurately captured climatic variation (PCA axis 1 – 

“clim_pc1”) at the original 800m scale (R2=0.91 on 1000113 validation observations). Both 

increasing elevation and latitude were associated with lower clim_pc1 values (p<0.001), while 

increasing aspect had the opposite effect (p<0.01; Table 4. Both latitude – elevation and latitude 

– aspect interactions were significant at p <0.05. Climate downscaling from the fitted 800m grids 
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to 10m grids resulted in low error based on 200,242 observations – mean absolute error 

(M.A.E.=0.58 + 0.44 stdev).  

 

Table 4. Model summary for climate downscaling. Models were fit using least-squares 

regression in R version 3.3.0 using the lm function in the base stats package. The first principal 

component axis from five correlated climate variables (800m) – ‘clim_pc1’ was the response 

variable in the model, with topographic variables elevation (elev), aspect, and latitude (lat) 

variables as descriptor variables at the scale of the response variable. Terms and interactions 

were tested sequentially for significance with AIC. Fit statistics provided below are from 

validation observations withheld from model development. SE is standard error, and df is 

degrees of freedom. Model bias is reported in the main text. The model coefficients are based 

observations not used for model fitting (df = 100113). Model R2=0.91. This model based on 

800m resolution observations was used to predict clim_pc1 values based on finer-scale 10m 

resolution grids of the same variables.  

 

 Factor   Value      SE  t value p value 

(Intercept) 67.920000 0.307300 220.992 ***  

elev -0.018290 0.000893 -20.486 ***  

aspect 0.003625 0.001457 2.488 *  

lat -0.000014 0.000000 -213.288 ***  

elev:aspect -0.000003 0.000004 -0.596   

elev:lat 0.000000 0.000000 12.370 ***  

aspect:lat 0.000000 0.000000 -2.467 *  

elev:aspect:lat 0.000000 0.000000 0.450   
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Figure 4. Results of the climate PCA analysis panel a and b (800m resolution), and downscaled 

to 10 m resolution - panels c and d. 

 

BMP’s included in the tool:  

• Wetland Restoration 

o Restoration 

o Restoration within riparian buffer zone 

• Wetland Protection 

o From National Wetlands Inventory 

• Riparian Buffer Gaps 

o Buffer restoration opportunity 

o Grassland buffer 

• Agricultural Steep Unvegetated Slopes 

o Steep slopes (>20%), on NLCD cover classes: hay, crops, grasslands 

• Pond/Stormwater Retention Construction Areas 

These spatial layers were compiled into a non-overlapping shapefile, that serves as the basic 

BMP identification tool as shown in Figure 7. 
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Buffer identification 

Gaps in riparian buffers were identified from National Landcover Data (2011). We 

applied a 100m buffer to streams in the DEC priority streams database. We reclassified cover 

types into more general classes to distinguish between natural and anthropogenically impacted 

areas within the buffer zone. Approximately 2/3 of the area in the 100m buffer zone of DEC 

priority streams already has a natural buffer, and about ¼ of the landscape needs a buffer or 

buffer enhancement (Table 5). 

 

 
Figure 5. Riparian Buffer component. The buffer restoration opportunity class was retained as a 

BMP in the final climate-resiliency tool.
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Figure 6. Riparian Buffer component in relation to aerial photograph. This component covers the entire basin as shown in Figure 5.
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Table 5. Breakdown of development patterns within the 100m buffer zone surrounding streams, 

based on 2011 NLCD data (30m). Approximately 25% of the basin stream frontage lacks a 

buffer, whereas approximately 2/3 already has a buffer, and 7.2% is developed with hard 

infrastructure such as buildings and roads. Increasing buffers is a simple way to reduce 

downstream flooding, and has the benefit of retaining soil in farm fields, and preventing stream 

incision, which can lower water tables in riparian zones – potentially exacerbating drought 

effects in dry years. 

 

Cover Type Acres % of Total 

Non-buffer 

Developed 59,926.04 7.18 

Buffer restoration opportunity 216,225.59 25.89 

 subtotal 33.07 

Existing buffer 

Forest/shrub 439,162.00 52.59 

Grassland buffer 7,831.76 0.94 

Wetlands 95,163.09 11.40 

Open Water 16,750.64 2.01 

  subtotal 66.93 

 

Pond models 

 

 Modeling pond locations indicated that there was wide-variability in the landscape 

position where ponds could be sited. From a practical standpoint – many locations appear to be 

suitable for pond construction. Models only explained 42% of the variation in pond occurrence, 

suggesting locations suitable for pond construction are widespread. This explanatory power was 

much lower than the >80% variance explained in natural wetland occurrences using similar 

techniques (Hunter et al. 2012). Intuitively this makes sense as ponds can be built in a variety of 

settings. We suggest pond zones identified by considered potentially suitable areas for pond 

construction, rather to an exact siting guide. Local considerations potentially altered by human 

influences such as the positioning of drainage ditches etc., should be taken into account when 

positioning a potential stormwater retention basin or farm pond construction project. 
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Variables associated with pond occurrence as identified by validation observations are provided 

in Table 6. 

 

Table 6. Fit statistics for a model of pond occurrences. R-sq.(adj) = 0.425. Deviance explained = 

35.6% n = 30307 (validation observations not used for model fitting).  

Parametric Coefficients 

Parameter Estimate std error z value p-value  
(Intercept) 10.79 1.90E+00 5.691 ***  
ssurgo_dra1 -10.73 1.97E+00 -5.441 ***  
ssurgo_dra2 27.96 4.75E+07 0   
ssurgo_dra3 -11.73 1.97E+00 -5.944 ***  
ssurgo_dra4 -12.44 1.97E+00 -6.304 ***  
ssurgo_dra5 -11.71 1.98E+00 -5.903 ***  
ssurgo_dra6 -11.60 1.97E+00 -5.873 ***  
ssurgo_dra7 -12.17 1.97E+00 -6.162 ***  
ssurgo_dra8 -11.71 1.97E+00 -5.941 ***  
nlcd11 1.29 5.50E-01 2.34 *  
nlcd21 1.63 5.49E-01 2.969 **  
nlcd24 1.53 5.65E-01 2.715 **  
nlcd31 2.22 6.68E-01 3.319 ***  
nlcd43 1.44 5.46E-01 2.634 **  
nlcd52 1.58 5.52E-01 2.854 **  
nlcd71 2.03 5.69E-01 3.558 ***  
nlcd81 1.93 5.46E-01 3.541 ***  
nlcd82 1.60 5.48E-01 2.915 **  
nlcd90 -0.52 5.47E-01 -0.955   
nlcd95 0.70 5.48E-01 1.276   

Smoothed Coefficients 
 

edf Ref.df Chi.sq p-value  
s(elev) 7.84 8.638 731.114 ***  
s(cti_focal) 7.75 8.617 360.442 ***  
s(expos) 1.56 1.985 146.797 ***  
s(rough) 7.16 8.152 148.499 ***  
s(srr) 1.00 1.001 9.369 **  
s(slope) 1.00 1.001 25.853 ***  
s(clim_pc1) 7.65 8.552 669.682 ***  
s(canopy) 6.10 7.003 1030.536 ***  
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BMP prioritization 

 

 Priority areas have been organized in an effort to maximize the benefits obtained from 

individual projects by considering their position in the landscape relative to downstream features, 

BMP efficiency, and surrounding landuses. From peer-reviewed literature, we developed coarse 

BMP efficiency metrics for different types of BMP’s. We organized a BMP efficiency matrix to 

score BMP efficiencies (Table 7).  

While this tool is intended to assist farms with adaptation to climate change, BMP’s have 

been identified throughout the watershed, and includes “off-farm” locations – as BMP 

implementation in surrounding landscapes may provide a means to improve watershed-wide 

resilience to climate change without placing the entire burden on agriculturally productive areas. 

Components of prioritization include: 1) area of BMP, 2) area of BMP complex (where 

complexes are defined as adjacent BMP units), 3) BMP type, 4) Climate PC score (a gradient 

describing heat and evaporative demand), 5) BMP density, 6) Watershed Position (a layer 

describing surface water runoff time). All variables were converted to a 0-1 scale by dividing 

scores by their respective maximum.  

 

1) Climate – identified farm vulnerability to climate change using long-term climate 

patterns identified from the climate downscaling approach as a first approximation. 

 

2) Type – index (See Table 7, for score derivation) 

 

o Wetland Restoration – 0.75 

 

o Wetland Protection - 0.25 

 

o Buffers 

▪ Buffer restoration opportunity -1 

▪ Wetland buffer restoration – 1 

 

o Agricultural Unvegetated Steep Slopes – 1 

▪ Steep slopes (>20%), on NLCD cover classes: hay, crops, grasslands 

 

• Pond Construction Areas – 0.5 

 

3) Acreage 

• Aggregate BMP complexes (adjacent BMP’s) to complex scale for acreage calculations.  

• Remove BMP’s less than 0.5 acres in size (thus setting minimum mapping unit). 

• Join BMP complex acreage to individual polygons, calc individual polygon acreage 

 

4) Watershed Position 
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Goal was to estimate position in the watershed relative to downstream features. This was 

accomplished by devising a flow-accumulation raster in ArcGIS, and implementing an 

algorithm to estimate over-land flow time. This raster approximates headwater vs. 

downstream positioning. 

 

5) Farm Proximity 

Because off-farm BMP’s were included in the tool, we created a field based on proximity 

to farms, to rank BMP’s near farms as one of the metrics receiving more attention in the 

ranking procedure than locations farther from farms. 

 

Table 7. BMP scoring matrix utilized to set final BMP efficiency scores in prioritization tool. 

BMP Type 
Existing 

practice 

Stream 

temperature 

decrease 

Reduces 

flooding 

Diversifies 

water 

sources 

Groundwate

r recharge 

Sum                  

(+ & -) 

Final 

score        

(0-1 

scale) 

Riparian 

Buffer 
 + +  + 3 1 

Wetland 

Restoration  
  + + + 3 0.75 

Riparian 

Buffer 

(wetland 

type) 

 + +  + 3 1 

Steep Slope 

Revegetation 
 + +  + 3 0.75 

Wetland 

Protection 
- + +  + 2 0.5 

Pond / 

Stormwater 

Retention 

Basin 

 - + + + 2 0.5 
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 Figure 7. Non-overlapping BMP’s included in the climate change resiliency planning tool. Several layers are provided in the online 

version of the tool – access details are provided at the end of this report. 
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Figure 8. Basin-wide climate resiliency targets. Warmer colors indicate higher priorities. This prioritization tool can be utilized by 

planners to emphasize work in areas needing assistance with climate-change resiliency projects, and focusing work on landscapes 

where BMP’s may have a larger impact. Local managers can use additional criteria within ArcGIS to modify the prioritization approach 

to meet local needs or funding opportunities 
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Figure 9. Basin-wide hotspots of high priority climate resiliency targets. Warmer colors indicate statistically significant clusters of higher 

priority projects. This layer can be used to understand how to most efficiently deploy projects to reduce for instance downstream flooding.  
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Discussion  

 It is evident that climate change is beginning to manifest in altered water availability 

patterns in the northeast. In this study we attempted to identify BMP’s that can be implemented 

to reduce farm vulnerability to climate change while taking into account the types of changes 

that are likely to manifest in the region. While the tool is not without its limitations, we remain 

hopeful that it may be useful to natural resource managers as they develop farm plans, and that it 

draws consideration to climate practices that can be implemented. Riparian buffers are among 

one of the most inexpensive measures available to protect farms from eroding floodwaters, they 

also reduce in-stream temperatures, lower sheer stress, and provide wildlife habitat. While there 

are obviously trade-offs associated with dedicating areas to modified land-uses, failure to soften 

landscapes may result in more substantial impacts to farms over time.  

An example of the final tool is shown in Figure 10. The tool is stored as an ESRI Map 

package that may be downloaded to a local desktop machine, and loaded into ArcMap. Several 

layers have been compiled, and the user is able to toggle between a wetland priorities layer, a 

buffer priorities layer, an overall BMP layer showing types of BMP’s, and also a BMP ranking 

layer. Finally, a layer showing hotspots of high priority BMP’s on the landscape provides the 

conservation planner with an at a glance approach to find areas with a high density of potential 

projects. This tool is really intended to assist the natural resource manager with identification of 

areas where BMP’s are needed to reduce vulnerability to climate change. Once on the farm, we 

recommend technicians work with farmers within the confines of existing programs, and site 

constraints to implement BMP’s where suitable conditions exist – rather than attempting to fit 

them to the tool. The strength of this planning tool is supposed to lie in the desktop analysis, pre-

screening portion, and not replace sound on-site evaluations. 
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Figure 10. Example of tool shown as loaded in ArcGIS. Layers may be toggled on and off, and the user may select between buffers, 

wetlands, overall BMP priorities, hotspots of high-ranking BMPs. 
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