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Rationale and Background 
  
Tree canopy cover in an urban setting provides useful economic and ecological benefits. Tree canopy 
aides in stormwater management, energy reduction through cooling/shading, air quality management, 
wildlife habitat, as well as providing aesthetic value . Quantifying and locating current tree canopy is a 1

difficult task that must be completed regularly due to the rapidly changing nature of urban environments. 
Urban areas are comprised of a complex mosaic of vegetated and non-vegetated surface features. Of these 
vegetated features, tree canopy can be defined as the layer of leaves, branches, and stems of trees as seen 
from above. As demand for tree canopy and land cover data increases, larger areas must be mapped. A 
tree canopy assessment, mapping of existing tree canopy and estimating potential tree canopy, is critical 
for urban tree management at the landscape level. Remote sensing data and techniques are the most 
suitable ways to acquire the most accurate, current and detailed inventory of tree canopy. 
  
Remote sensing has long been found as a tool for monitoring and measuring large areas of land. Satellite 
or aerial imagery can be used to visually assess surface features. More advanced imaging sensors can 
obtain non-visible wavelengths such as near-infrared which allows calculation of indices such as NDVI - 
a well-documented and standardized measure of vegetation health. LiDAR data also has become a critical 
data source for land cover by providing unique elevation, height, intensity, and structural information. 
The combination of aerial imagery and LiDAR data allows very detailed and accurate land cover 
classification to be created. 
 
Previous mapping efforts at coarser resolutions, such as the 2011 National Land Cover Database, have 
underestimated tree canopy in urban areas. Lower resolutions can only account for larger patches of trees 
while the majority of urban trees exist in fragmented, smaller patches. The NLCD 2011 assessment found 
only 12% Tree Canopy, much lower than the 27% found in this study (for the total seven-county TCMA). 
 

 
Figure 1: NLCD 2011 Percent Tree Canopy 30m (Left), NAIP aerial imagery 1m (Middle), 2015 Urban 
Tree Canopy (Right) 

1 National Research Council. Urban Forestry: Toward an Ecosystem Services Research Agenda: A Workshop Summary. 
Washington, DC: The National Academies Press, 2013. 
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 The large amounts of input data require an automated approach and immense processing power. For 
high-resolution images, object based image analysis (OBIA) has been proved to improve accuracy over  
pixel-based approaches . Treating image features as objects reduces errors due to ‘noise’ and provides 2

contextual elements such as texture, size, shape, and neighboring object relations. Additionally, iterative 
classification steps within in the OBIA method improve accuracy because distinguishable classes can be 
separated initially leaving less chance for error when classifying more complex classes. Parallel 
processing of the imagery and LiDAR data can significantly reduce the processing time. This reduction in 
processing time allows repeated testing to produce the best classification map. 
 
Methods 
  
Data Inputs 
  
Leaf-on National Agriculture Inventory Program (NAIP) imagery was collected in the summer of 2015 at 
1-meter resolution. Leaf off aerial imagery was collected in the spring of 2011 at 0.3-meter resolution. 
Both imagery sets include near-infrared, red, green, and blue bands. The Normalized Difference 
Vegetation Index (NDVI) was derived for the leaf on and leaf off imagery. The combination of of leaf-on 
and leaf-off imagery with 4-bands and sub-meter spatial resolution allows detailed feature identification 
as well as phenological information critical to land cover classification. 
 

 
Figure 2: False color Infrared highlights healthy vegetation in pink for leaf-on summer condition (left) 
and leaf-off spring conditions (right) 
 
LiDAR data was collected for TCMA in 2011 and made publicly available by the Minnesota Department 
of Natural Resources (DNR). LiDAR point density varies from 1.5 - 8 pulses/m2 within the TCMA.  3

LAStools was used to create 1-meter bare earth Digital Elevation Models (DEM), Digital Surface Models 
(DSM), and LiDAR intensity.  A DSM was created using all relevant first returns with the spike-free 
method in las2dem with a freeze constraint of 3 meters. This method was chosen to avoid pits or gaps 
within tree canopy and to create a more continuous model of the surface features from the LiDAR point 
cloud in order to match the one-meter imagery. Surface models are typically created using only LiDAR 
first returns, however, at the highest resolution supported by the LiDAR, some grid cells will have low 

2 Blaschke, T. 2010. Object based image analysis for remote sensing. ISPRS Journal of Photogrammetry and Remote Sensing, 65(1): 2-16. 
3  For more information, the 2011 LiDAR metadata are available at: www.mngeo.state.mn.us/chouse/metadata/lidar_metro2011.html. 

http://www.mngeo.state.mn.us/chouse/metadata/lidar_metro2011.html
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values compared to neighboring cells where LiDAR pulses have penetrated the tree canopy. The 
spike-free method creates a TIN surface from all the points and especially prioritizing points that are 
spatially proximate in the z-dimension.  Additional LiDAR-derivative layers, such as slope and height 4

normalized Digital Surface Model (nDSM) were created as well. 
 
Vector layers: roads, railroads centerlines, and airports were obtained from Open Street Map and the 
Minnesota Department of Transportation (MnDOT).  The National Wetland Inventory (NWI) was used 5

for water and wetland classes.  6

  
Classification Scheme 
 
 A key component to a land cover classification product is the classification scheme, a descriptive listing 
of all classes present. This listing is exhaustive, mutually exclusive, and hierarchical. These classes were 
chosen to correspond with previous land cover classification products for this area where applicable. 
Higher spatial resolution allows the Urban/Developed class to be separated into Buildings, Bare Soil, and 
Roads/Paved Surfaces classes. 
 
Twelve level-2 land cover classes were mapped: Deciduous Tree Canopy, Coniferous Tree Canopy, 
Grass/Shrub, Agriculture, Extraction, Buildings, Roads/Paved Surfaces, Bare Soil, Emergent Wetland, 
Forested/Shrub Wetland, Lakes, and Rivers. 
 
Table 1: Classification scheme with Level 1 and 2 class descriptions. 
Level 1 Level 2 Code Description 
Grass/Shrub Grass/Shrub 1 Golf courses, parks, natural grass and herbaceous vegetation 
Urban/Developed Bare Soil 2 Baseball fields, golf course sand traps 
  Buildings 3 Commercial, residential, and all structures over 3 m tall 

  Roads/Paved Surfaces 4 
All roads, parking lots, sidewalks, and paved surfaces visible
from above 

Lakes/Ponds Lakes/Ponds 5 Lacustrine L1, L2, Palustrine PAB, PUB, PUS 

Tree Canopy Deciduous Tree Canopy 6 
Oak, Red Maple, Black Maple, Paper Birch, Black Ash, 
Aspen, Silver Maple 

  Coniferous Tree Canopy 7 
White Pine, Red Pine, Balsam Fir, Jack Pine, White & Black 
Spruce, White Cedar 

Agriculture Agriculture 8 Annual and perennial crops 
Wetland Emergent Wetland 9 Paulstrine PEM 
  Forested/Shrub Wetland 10 Palustrine PFO and PSS 
  River 11 Riverine 
Extraction Extraction 12 Gravel pits, quarries, and mines 

4 For more information on the DSM spike-free method see: Khosravipour, A., Skidmore, A., Isenburg, M. 2016. Generating spike-free digital 
surface models using LiDAR raw point clouds: A new approach for forestry applications. International Journal of Applied Earth Observation and 
Geoinformation 52:104-114  
5 The OpenStreetMap data is available under the Open Database License, see: http://www.openstreetmap.org/copyright  
6  For more information about the updated NWI data, see: http://www.dnr.state.mn.us/eco/wetlands/nwi_proj.html  

http://www.dnr.state.mn.us/eco/wetlands/nwi_proj.html%0d
http://dx.doi.org/10.1016/j.jag.2016.06.005
https://www.researchgate.net/journal/1569-8432_International_Journal_of_Applied_Earth_Observation_and_Geoinformation
https://www.researchgate.net/journal/1569-8432_International_Journal_of_Applied_Earth_Observation_and_Geoinformation
https://www.researchgate.net/journal/1569-8432_International_Journal_of_Applied_Earth_Observation_and_Geoinformation
http://www.openstreetmap.org/copyright%0d
http://www.dnr.state.mn.us/eco/wetlands/nwi_proj.html%0d
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A top-down classification approach was used where classification is defined as the surface area from 
above. Tree canopy can occasionally overhang and obscure ground cover such as grass, pavement, bare 
soil, or shorter buildings. 
 
Classification Procedure 
 
Data organization and pre-processing was important to manage over a terabyte of raw imagery and 
LiDAR data for the TCMA classification. Leaf-on 1-meter imagery was mosaicked into a single .img file 
(55 Gb) using ERDAS mosaicpro with geometry based seamlines. Similarly, leaf-off 0.3 m imagery was 
mosaicked into a single .img file (550 Gb). Spectral indices (such as NDVI) were created for both sets of 
imagery. Digital Surface Models were created from the LiDAR point cloud using LAStools to match the 
1-meter resolution imagery. The imagery and LiDAR data were previously georeferenced. An eCognition 
workspace was set up using 3,172 quarter-quad LiDAR LAS point cloud tiles (500 Gb). This was done to 
allow parallel processing of tiles which reduced the temporary memory usage and increased processing 
time dramatically. The first step in the ruleset (explained below) is to reference these data sources for 
each individual tile. 
 
An Object Based Image Analysis (OBIA) approach was utilized by creating rule sets for the selected 
areas within the State of Minnesota. We used the Cognition Network Language (CNL) within the 
software package Definiens eCognition Developer version 9.2.0 was used to develop the rule sets. A 
similar land cover ruleset was adapted to create the land cover classification. This process began by 
classifying the most easily separable classes and worked toward the more complex classes that were more 
difficult to separate. New rules were developed to classify agriculture, extraction, and to separate tree 
canopy type into deciduous or coniferous tree types. The ruleset uses a divide and conquer approach to 
mask out easily separable classes to avoid errors. For example, the nDSM layer was used to identify all 
pixels greater than 3 meters as “_Tall” (temporary class). Subsequent classes were classified from only 
the remaining unclassified pixels effectively masking out all pixels/objects already assigned to a class. 
This means that the order of the rules for each class is critical to avoid errors. The classification structure 
used in our ruleset follows the following order: 
  

1.  Lakes, Rivers, Emergent Wetland, Forested/Shrub Wetland – imported from the updated NWI shapefile. 
Given the availability of the recently available new high resolution and accurate NWI 2010-2015 data for 
the Northeast and Southern part of the state; we masked all the water bodies including wetland types, 
lakes, rivers and ponds. We used the Chessboard segmentation algorithm in eCognition for masking out 
these features. 

 
2. Buildings: The LiDAR building footprints was used as the initial vector layer to classify buildings. 

Threshold segmentation was used then to create temporary “Tall” class from the LiDAR nDSM with 
values larger than 3 meters. Additional rules were created using spectral and contextual information to 
classify buildings that were not identified by the LiDAR building footprints layer. One useful object 
attribute was LiDAR first-last return difference since individual LiDAR pulses will not penetrate 
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buildings as well as tree canopy resulting in differing values. Buildings have first-last return near 0. Rules 
were experimentally tested on subset areas to determine the appropriate value. 

 
3. Tree Canopy - Coniferous vs Deciduous: A series of rules then separated the “Tall” class into the Tree 

Canopy class or the Building class using image segmentation to create image objects which were then 
classified by optical image characteristics (NDVI, brightness, etc.) and LiDAR point cloud properties 
(number of returns, intensity, etc.). Coniferous and deciduous were classified from the tree canopy class 
using optical properties, NDVI, and the difference in NDVI between leaf-on and leaf-off imagery. 

 
4. Extraction: a mining, gravel pits, and quarries location point vector layer was used as the starting base 

information to identify potential extraction locations. Further refinement of this class was completed 
using customized rules along with spectral and contextual information. 

 
5. Impervious (roads/other paved): OpenStreetMaps roads vector layer was used as the initial identification 

of roads which were then verified using optical properties of the imagery. Other paved surfaces were 
classified by object features distance to roads and building classes as well as object size, shape, and 
optical characteristics. 

 
6. Agriculture: we used a customized polygon vector layer to identify initial potential classes for agriculture 

areas. This vector layer contained row crops, hay and pastures classes that were derived from Landsat 8 
imagery which allowed us to use many multispectral bands and multitemporal images using the Random 
Forest (RF) algorithm within eCognition. Further enhancement of this class was finalized using 
customized rules that made use of spectral and contextual information (association, size, shape, and 
pattern). 

 
7. Bare Soil: A polygon vector layer from OpenStreetMap’s was used to identify potential areas of bare soil 

based on land use context which was then verified by optical characteristics from the NAIP imagery. 
 
8. Grass/Shrub: Grass/shrub was the most widespread and spectrally diverse class in the landscape, so a 

process of elimination was used for this final class. After all other land cover classes have been identified, 
the remaining unclassified objects were classified as grass/shrub. 

 
9. The final classification was then exported as an .img raster file for each tile. ERDAS mosaicpro was used 

to merge the final rasters into one final TIF raster format with LZW compression to conserve disk space.  
 
10. Class area statistics were calculated using ERSI ArcGIS (Zonal statistics to table). Existing and potential 

tree canopy were calculated for each municipality in the 7 county area. Potential tree canopy was 
determined by vegetated area that without existing tree canopy.  
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Accuracy Assessment 
  
Accurate reference data with a higher resolution than the classification product is typically used to verify 
the accuracy of the classes represented. Since higher resolution data was not available, classification 
accuracy was evaluated by independent per-pixel analysis of the two dates of optical imagery and 
LiDAR-derived products. Stratified random points were generated encompassing each study area. In total, 
1,097 points were assessed. Accuracy assessment points were independently verified by manual image 
interpretation from both imagery datasets as well as the LiDAR nDSM. Water and wetland classes were 
independently assessed by the National Wetlands Inventory and were excluded from this assessment. The 
assessment points were identified as Urban, Extraction, Deciduous Tree Canopy, Coniferous Tree 
Canopy, Agriculture, and Grass/shrub. The Buildings, Paved Surfaces, and Bare Soil classes had to be 
aggregated to compare to the Urban assessment points. Tree Canopy was assessed both at level one (Tree 
Canopy) and level two (Deciduous vs. Coniferous). A confusion matrix was created to compare reference 
points to the classified map points.  
 
 

 
 

Figure 3: Assessment points were sometimes difficult to manually interpret when landing on the edge of 
tree canopy and buildings such as the image above. 
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Results 
 
The raster classification is depicted in Figure 4. This report includes the overall area estimates for each 
class in number of acres and in proportion to the total. The results in Table 3 show that there are 513,275 
acres (26.96% of the total area) of tree canopy in the seven county metro area.  Divided by type, tree 
canopy is mostly deciduous cover: 22% deciduous forest, 1% coniferous forest, and 4% forested wetland.  

 
Figure 4: Twin Cities Metropolitan Area 12-class land cover and urban tree canopy classification. 
 
Table 3: Land cover statistics by class, aggregated level one (left), full classification (right) 

Class Name Area (acres) Proportion  Class Name Area (acres) Proportion 
Tree Canopy 513,275 26.96%  Deciduous Tree Canopy 417,323 21.92% 
Grass/Shrub 396,219 20.81%  Coniferous Tree Canopy 24,750 1.30% 
Urban 264,093 13.87%  Forested/Shrub Wetland 71,202 3.74% 
Agriculture 444,595 23.35%  Grass/Shrub 396,219 20.81% 
Water 132,234 6.95%  Buildings 62,703 3.29% 
Wetland 153,411 8.06%  Roads/Paved Surfaces 198,181 10.41% 
Total 1,903,826 100.00%  Bare Soil 1,076 0.06% 
    Agriculture 444,595 23.35% 
    Emergent Wetland 153,411 8.06% 
    Lakes/Ponds 107,496 5.65% 
    River 24,739 1.30% 
    Extraction 2,133 0.11% 
    Total 1,903,826 100.00% 
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Figure 5: Detailed view of the Leaf-On imagery (top), LiDAR Digital Surface Model (middle), and 
Classified UTC image (bottom) in Saint Anthony. 
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The accuracy assessment resulted in an overall accuracy of 88%, with user’s = 86.8% and producer’s = 
93.5% for the tree canopy class. The full user’s and producer’s accuracies are reported in Table 4. An 
error matrix was created from the accuracy assessment points. The majority of tree canopy errors was 
misclassification as grass/shrub which occurred at 26 points out of 317 total.  
 

 
Figure 6: Locations of 1,097 stratified randomly distributed assessment points, green = correctly 
classified; red = incorrectly classified.  
 
Table 4: TCMA Error Matrix  
 
 Reference       

Classified Developed Extraction Tree Canopy Grass/Shrub Agriculture Total User's 

Developed 288 4 1 13 0 306 94.1% 

Extraction 0 11 0 0 0 11 100.0% 

Tree Canopy 15 0 275 26 1 317 86.8% 

Grass/Shrub 23 0 17 178 10 228 78.1% 

Agriculture 1 0 1 18 215 235 91.5% 

Totals 327 15 294 235 226 1,097  

Producer's 88.1% 73.3% 93.5% 75.7% 95.1%   

Overall Accuracy = 88% 
Accuracy Confidence Interval = 81% - 91% 
Kappa Statistic = 0.76 
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Figure 7: Existing and potential tree canopy percentage maps by municipality.  
 
Tree canopy was summarized for 137 municipalities within the seven-county metro area. The existing 
canopy proportion is aggregated tree canopy area divided by the total area. The potential tree canopy is 
the proportion of vegetated land (excluding agriculture) that could be converted to tree canopy. The maps 
in Figure 7 give a broad perspective of the spatial pattern of the landscape.  
 
Table 6: Ten of the largest municipalities ordered by proportion of existing tree canopy (full table in 
appendix). 

Municipality Existing TC Potential TC 
Eden Prairie 45.0% 25.5% 
Bloomington 41.9% 22.5% 
Plymouth 40.3% 25.3% 
Saint Paul 35.7% 19.7% 
Eagan 35.3% 30.3% 
Woodbury 31.9% 37.8% 
Maple Grove 30.9% 33.1% 
Minneapolis 29.8% 21.0% 
Brooklyn Park 29.6% 32.5% 

 
Beyond the municipal spatial patterns, quantitative proportions of existing and potential tree canopy were 
calculated. The top ten most populous municipalities (weighted by area) were determined and ranked by 
existing tree canopy in Table 6. The full list of municipalities can be found in the appendix. 
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2009 Comparison 
 
A previous urban tree canopy assessment was completed in 2009 for municipalities of Minneapolis, St. 
Paul, and Woodbury using similar methods. This assessment, which used high resolution Quickbird 
satellite imagery  (pansharpened to 0.6 m) and 2009 LiDAR data, calculated existing proportional tree 
canopy cover and found 31.5% in Minneapolis, 32.5% in St. Paul, and 21.5% in Woodbury. Forested 
wetland areas were not included in this classification. Excluding forested wetland, the 2015 assessment 
found tree canopy cover of 27.8% in Minneapolis, 32.7% in St. Paul, and 25.1% in Woodbury. Over the 6 
year period, this corresponds to -3.7% decline in canopy cover for Minneapolis, +0.2% increase in St. 
Paul, +3.6% increase in Woodbury. 
 
Table 7: Tree canopy proportional change comparison for Minneapolis, St. Paul, Woodbury 2009 - 2015. 

 2009 2015 Change 
Minneapolis 31.5% 27.8% -3.7% 
St. Paul 32.5% 32.7% +0.2% 
Woodbury 21.5% 25.1% +3.6% 

 
 
Discussion 
 
Urban tree canopy can change in short periods of time and for a variety of reasons. Beyond natural 
succession and disturbance, urban forests are impacted by human land use. When comparing tree canopy 
assessments, it must be noted that while the methods were similar, systematic differences in the 
processing of the data led to minor differences at fine-scales. The overall proportions were comparable 
but more analysis would be required to assess fine-scale changes in tree canopy. Assessment of change 
over six years found increase, decrease, and no-change for three geographically adjacent regions. Further 
detail of the land use and history must be considered when comparing urban tree canopy. One critical 
land-history event in the city of Minneapolis can be attributed as the cause of a majority of urban tree 
canopy decline between 2009 and 2015. On May 22, 2011, a devastating tornado swept through the 
northern portion of the city of Minneapolis. The National Weather Service ranked the strength of the 
tornado as an EF1 tornado with winds between 86 to 110 miles per hour.  In addition to extensive 7

property damage, many urban trees were lost. From the 2015 optical imagery, a straight swath is a visible 
scar on the landscape where the tornado was in contact with the surface (Figure 8). By isolating this track 
and comparing before-after tree canopy assessments, it was found that 150 acres of tree canopy was lost. 
This accounts for over half of the tree canopy decline in the city of Minneapolis between 2009 and 2015. 
Paved surfaces or grass/shrub classes increased to account for most of the lost tree canopy. 
 

 

7 http://www.dnr.state.mn.us/climate/journal/tornado_110523.html 
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Figure 8: Tornado track visible in 2015 imagery due to contrasting differences with surrounding urban 
tree canopy. 
 
Tree canopy in urban areas is highly dependent on the spatial resolution of analysis. The fragmented patch 
work of land cover types requires a high spatial resolution of imagery and high point density of LiDAR to 
extract useful land information for urban areas. 
 
One of the biggest issues was time differences between the image collections and LiDAR acquisition. 
LiDAR acquisition occurred in 2011 while imagery was collected in 2015. These led to some 
discrepancies in the final land cover classification and tree canopy assessment. Loss of trees due to new 
development was difficult to accurately map. Buildings that were constructed after the LiDAR acquisition 
are improperly grouped into the ‘roads/paved surfaces’ class (as opposed to ‘buildings’). Extensive 
manual editing would be required to update these minor discrepancies. Alternatively, an updated LiDAR 
acquisition would provide the necessary information to fix these errors. 
  
In addition to discrepancy in dates, LiDAR data was collected in different seasons and different point 
densities. Deciduous tree canopy in leaf-off conditions do not provide as many pulse returns as leaf-on 
canopy so the canopy is likely to be underestimated. The spike-free interpolation method improved this 
issue but in areas with low point density, the DSM height estimates were more patchy and isolated than 
the aerial imagery suggested. Tree canopy in northern Dakota county was the most impacted by this 
effect. 
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Summary and Conclusions 
 
High-resolution imagery can provide detailed information about complex urban landscapes but challenges 
arise with processing and managing large volumes of data. Parallel processing was critical in reducing the 
processing time of the classification. The combination of spectral data and LiDAR through an OBIA 
method helped to improve the urban tree canopy assessment overall accuracy results. The classification 
product was analyzed at regional scales to compare distributions of existing and potential tree canopy 
spatially and create a baseline to track changes in the future. 
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Appendix 
Municipality Existing TC Potential TC 
Afton 66.0% 26.7% 
Andover 50.4% 33.7% 
Anoka 35.1% 26.6% 
Apple Valley 27.8% 36.2% 
Arden Hills 37.0% 34.6% 
Bayport 39.4% 28.9% 
Belle Plaine 39.7% 31.2% 
Bethel 60.6% 26.8% 
Birchwood Village 74.0% 11.0% 
Blaine 39.5% 33.2% 
Bloomington 41.9% 22.5% 
Brooklyn Center 31.1% 25.8% 
Brooklyn Park 29.6% 32.5% 
Burnsville 33.2% 30.8% 
Carver 64.5% 21.7% 
Centerville 32.9% 39.4% 
Champlin 39.7% 30.8% 
Chanhassen 47.6% 29.7% 
Chaska 39.0% 33.7% 
Circle Pines 55.8% 20.4% 
Coates 10.0% 46.3% 
Cologne 25.7% 43.9% 
Columbia Heights 35.6% 23.9% 
Coon Rapids 42.4% 26.4% 
Corcoran 34.5% 52.1% 
Cottage Grove 40.8% 34.7% 
Dayton 45.9% 41.7% 
Deephaven 71.2% 13.2% 
Dellwood 56.5% 34.1% 
Eagan 35.3% 30.3% 
East Bethel 59.2% 33.1% 
Eden Prairie 45.0% 25.5% 
Edina 43.4% 21.5% 
Elko 33.6% 42.8% 
Excelsior 46.5% 15.7% 
Falcon Heights 29.2% 28.8% 
Farmington 18.1% 49.6% 
Forest Lake 50.3% 35.6% 
Fridley 36.0% 21.5% 
Gem Lake 52.1% 32.0% 
Golden Valley 41.7% 23.8% 

   
Municipality Existing TC Potential TC 
Grant 51.6% 40.9% 
Greenfield 45.0% 45.1% 
Greenwood 67.1% 12.7% 
Ham Lake 53.7% 34.5% 
Hamburg 25.0% 37.9% 
Hampton 19.4% 52.4% 
Hanover 48.4% 41.8% 
Hastings 30.1% 37.9% 
Hilltop 17.4% 21.5% 
Hopkins 35.4% 22.2% 
Hugo 43.9% 44.2% 
Independence 46.3% 44.9% 
Inver Grove Heights 45.1% 33.6% 
Jordan 37.4% 29.5% 
Lake Elmo 42.3% 42.6% 
Lake Saint Croix 
Beach 

57.3% 20.8% 

Lakeland 59.8% 20.8% 
Lakeland Shores 66.1% 16.0% 
Lakeville 23.9% 44.2% 
Landfall 28.1% 12.4% 
Lauderdale 36.6% 17.8% 
Lexington 47.9% 24.2% 
Lilydale 62.9% 14.6% 
Lino Lakes 49.3% 34.1% 
Little Canada 39.0% 23.7% 
Long Lake 42.6% 21.0% 
Loretto 25.4% 32.9% 
Mahtomedi 55.1% 19.3% 
Maple Grove 30.9% 33.1% 
Maple Plain 39.6% 24.7% 
Maplewood 40.6% 27.8% 
Marine on Saint 
Croix 

64.9% 29.6% 

Mayer 18.0% 55.4% 
Medicine Lake 63.0% 17.8% 
Medina 48.6% 39.5% 
Mendota 62.4% 15.9% 
Mendota Heights 45.4% 27.8% 
Miesville 31.6% 41.1% 
Minneapolis 29.8% 21.0% 



15 

Municipality Existing TC Potential TC 
Minnetonka 58.4% 16.5% 
Minnetonka Beach 56.9% 23.5% 
Minnetrista 49.7% 39.3% 
Mound 54.2% 16.9% 
Mounds View 48.4% 21.0% 
New Brighton 39.9% 21.9% 
New Germany 35.5% 45.0% 
New Hope 36.8% 24.1% 
New Market 19.3% 47.9% 
New Trier 22.1% 50.7% 
Newport 49.3% 22.6% 
North Oaks 67.6% 20.7% 
North Saint Paul 37.6% 23.8% 
Norwood Young 
America 

25.5% 40.3% 

Oak Grove 60.8% 30.3% 
Oak Park Heights 33.2% 25.9% 
Oakdale 35.3% 31.0% 
Orono 60.0% 27.8% 
Osseo 18.4% 25.0% 
Pine Springs 58.3% 25.6% 
Plymouth 40.3% 25.3% 
Prior Lake 41.2% 32.1% 
Ramsey 44.9% 36.0% 
Randolph 38.1% 42.6% 
Richfield 32.0% 24.0% 
Robbinsdale 33.6% 22.1% 
Rogers 15.4% 40.9% 
Rosemount 31.1% 43.0% 
Roseville 38.1% 22.3% 
Saint Anthony 33.3% 29.4% 
Saint Bonifacius 33.0% 37.8% 
Saint Francis 61.6% 29.6% 
Saint Louis Park 38.1% 20.1% 
Saint Marys Point 74.1% 14.1% 
Saint Paul 35.7% 19.7% 
Saint Paul Park 34.5% 26.8% 
Savage 41.3% 28.3% 
Shakopee 30.2% 34.5% 
Shoreview 50.3% 22.8% 
Shorewood 64.5% 19.7% 
South Saint Paul 32.4% 22.3% 

Municipality Existing TC Potential TC 
Spring Lake Park 34.0% 26.3% 
Spring Park 39.5% 16.2% 
Stillwater 42.9% 25.3% 
Sunfish Lake 62.8% 25.1% 
Tonka Bay 61.4% 16.0% 
Vadnais Heights 47.1% 22.8% 
Vermillion 31.5% 41.5% 
Victoria 49.7% 34.8% 
Waconia 25.0% 35.3% 
Watertown 36.9% 35.1% 
Wayzata 53.3% 19.9% 
West Saint Paul 40.8% 20.6% 
White Bear Lake 40.5% 25.2% 
Willernie 64.8% 10.6% 
Woodbury 31.9% 37.8% 
Woodland 76.6% 11.8% 
   
   
   
   
   
 


