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Abstract

:

Surface roughness parameters, such as roughness length and displacement height, impact the estimation of surface moisture, and the frontal areas of buildings and trees are two components that contribute to surface roughness in urban areas. Research on tree frontal area has not been conducted in urban areas before, and we hope to fill that gap in the literature with this study by using Terrestrial Light Detection and Ranging (LiDAR) data to estimate tree frontal areas in Warren Township, Indianapolis, IN, USA. We first estimated the frontal areas of individual trees based on their morphology, then calibrated a regression model to estimate the tree frontal area in 30 m pixels using parameters derived from LiDAR data and tree inventory data. The parameters included tree crown base area, height, width, conditions, defects, maintenances, genera, and land use. The validation shows that R2 yielded values ranging from 0.84 to 0.88, and RMSEs varied with tree category. The tree categories were identified based on the height and broadness of the canopy, which indicated the degree of resistance to air flow. This type of model can be used to empirically determine local roughness values at the tree-level for any city with a complete tree inventory. With the strong correlation between trees’ frontal area and crown base area, this model may also be used to determine local roughness value at 30 m resolution with NLCD (National Land Cover Database) tree canopy cover data as a component. A proper tree categorization according to the vertical air resistance, e.g., height and canopy density, was effective to reduce the RMSE in tree frontal area estimation. Geometric parameters, such as height, crown base height, and crown base area extracted from Airborne LiDAR, which demand less storage and computation capacity, may also be sufficient for tree frontal area estimation in the areas where Terrestrial LiDAR is not available.
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1. Introduction


A better knowledge of the controls of the urban heat island effect is important for estimating the impact of global climate change on urban areas. The limited number of weather stations in urban areas is often not sufficient to delineate the spatial distribution of air temperature, and the estimation of Land Surface Temperature (LST) from remotely sensed data has attracted more and more attention [1]. Therefore, factors that link air temperature and LST are important in urban heat island studies [2,3]. One of them is surface moisture. The Two Source Energy Balance (TSEB) Model has been used in forest and agricultural areas to estimate evapotranspiration over soil and vegetation surfaces. When applying the TSEB to urban areas to estimate evaporation over impervious surfaces, a great challenge is that the original model did not consider urban morphology [4,5,6]. Urban areas are not flat plains; they include open spaces, roofs, and canyons, which represent volumes [7]. The two major components to surface roughness are buildings and urban trees in urban areas.



Surface roughness refers to aerodynamic properties related to the height of objects. It impacts the wind speed and consequently surface moisture. Usually, surface roughness can be described by roughness length and displacement height. Conventional ways to measure surface roughness have disadvantages and high uncertainty. The disadvantage of micrometeorological wind profile measurement [8] is that it is expensive, site specific, and limited to the source area. Therefore, it cannot be applied at a broader scale. The wind tunnel method [9] relies on lab simulations on simplified geometrics, and thus it sacrifices from actual complex geometries and needs field validation [10]. The aerodynamic properties of urban areas have also been tested by morphometric methods based on analysis of surface forms, and found that the morphometric methods yielded reasonable estimations of displacement height and roughness length [9]. Three approaches for estimating aerodynamic properties (displacement height and roughness length) in urban areas were categorized as: (1) height based approach; (2) height and plan areal fraction approach; and (3) height and frontal area index approach [11,12,13]. However, the statistical agreement between measured roughness data and the morphometric estimates of roughness parameters was poor at 11 sites in seven North American cities. Partly, that was due to uncertainties in observation and analysis of winds over inhomogeneous surfaces and the necessary simplification of geometric descriptions. Therefore, among the three approaches, the best one was the height and frontal area index approach [9]. Heights of objects can be easily estimated from DEM and DSM, but frontal areas are a bit complicated. Burian and his colleagues conducted morphological analyses to several major cities in the U.S. [14,15,16]. However, these studies considered only buildings; tree frontal area estimation has not yet been done in urban areas.



Tree frontal area is the vertical projected area that faces wind or water flow direction [17]. In urban areas, wind direction usually goes along the urban canyons [15]; Terrestrial LiDAR data collected by vehicles along streets provide great potential for capturing the complex vertical structure. Although [17] estimated leafless tree frontal areas using Terrestrial LiDAR data in a riparian forest, it only scanned three poplar trees individually. To estimate tree frontal area in a larger geographical scale, classification of vegetation is the first important step. The concept of object surfaces in point cloud was used to grow planar and smaller surfaces, which differentiate vegetated and non-vegetated objects [18,19,20,21,22]. Rutzinger et al. [23] used this segmentation method on Terrestrial LiDAR to separate trees from non-vegetated surfaces, applied Alpha shapes to reduce the point density and get the outer shape of trees, and then 3D tree models that allows detailed reconstruction of branching structure and leaf texture were created. One of the important steps that were not emphasized in [23] was the individual tree segmentation. The experiments of individual tree segmentation were conducted on airborne LiDAR with the watershed algorithms [24,25] and in forests on a small footprint with similar tree species [26,27]. Li et al. [26] proposed a top–down method for separating the coniferous trees based on their cone shape. Lu et al. [27] used a bottom–up method to separate the deciduous trees. The study area of [23] was on a slope, and the airborne LiDAR data was collected not from the top but the side of the trees. Moreover, the algorithm of [27] detected the trunk and branches first and then added the rest of the points, which is applicable for Terrestrial LiDAR.



Although methods have been developed to extract geometric information from Terrestrial LiDAR, they have not been used to extract roughness related parameters for urban-micrometeorology studies. In addition, the combination of Terrestrial LiDAR estimates and raster data has great potential to fill the gaps in currently available surface moisture models. Therefore this study proposed a method of using Terrestrial LiDAR to estimate the frontal area of individual urban trees, and combined the information from tree inventory, Landsat images, and tree canopy cover data to calculate the tree frontal in 30 m pixels.




2. Data and Methods


2.1. Study Area


The study area, Marion County (Figure 1), is the county seat of Indianapolis, in the State of Indiana. Marion County is part of the Indianapolis-Carmel-Anderson Metropolitan Statistical Area. Located on a flat plain makes it possible for the city to expand in all directions. Indianapolis was the 14th largest city in the United States by population in 2014. The area lies between latitudes 39°55′37.75″N to 39°37′54.28″N and longitudes −86°19′33.65″W to −85°56′10.11″W. According to the 2010 Census, the total area of Marion County is 1044 km2 of which 98.34% is land and 1.66% is water.




2.2. Dataset


Terrestrial LiDAR data were acquired from Indianapolis Mapping and Geographic Infrastructure System (IMAGIS). The data was collected in 2012 and 2013, covering all streets in Marion County. The point density is 1000–2000 points per square meter. The Terrestrial LiDAR data was generated from Lynx MG1 Model Mapper mounted on roof rack, about 3 m above ground. The two sensors produced 1,000,000 points per second. The maximum range is 250 m at 10% reflectivity, the range precision is 5 mm, and absolute accuracy is ±20 cm. The two sensors shot lasers to two sides of the road and collected 3D point cloud of the laser reflectance. Mobile LiDAR saves both cost and time because it can gather all required data point measurements in one setting, eliminating the need for additional mobilization costs, and it gives us the ability to collect up to 1,000,000 points per second, compared to one point every few seconds with conventional survey technologies. The Terrestrial LiDAR data will be used to calculate tree frontal area of individual trees. Tree inventory data and township shapefile were acquired from the Department of Public Works, City of Indianapolis. It includes the location of the trees, tree genera, tree species, DBH, conditions, maintenances, defects and so on. A Landsat 8 image was acquired on 6 September, 2013 from Earth Explorer, and tree canopy cover data from the 2011 National Land Cover Database (NLCD) was used for tree frontal area estimation. Normalized Difference Vegetation Index (NDVI) will be calculated from the Landsat image. NDVI, tree canopy cover, and the highly correlated factors from tree inventory data will be used to estimate the tree frontal area in each 30 m pixel.




2.3. Methodology


To estimate the frontal areas of urban trees, two steps were taken. First, the frontal areas of individual trees were estimated from Terrestrial LiDAR data. Second, regressions were formed for each tree category to estimate the frontal area per 30 m pixel, and thus the tree frontal area for the whole study area was estimated. Figure 2 shows the workflow, and the following sections describe the method in detail.



2.3.1. Estimation of Individual Tree Frontal Area


After removing ground, LiDAR point cloud was segmented into homogeneous planar regions [18,23]. Then large segments such as roofs and walls were removed, and the remaining segments were relabeled by grouping nearby points to connect components. The connect components of trees were detected by the roughness measured by the standard deviation of elevation, and the point density ratio [23]. The point density ratio is calculated between the total number of points and the number of points below a certain height, because tree trunks usually have less laser echoes compared to tree crowns. The height used in the ratio calculation was 0.5 m. The thresholds were set for selecting high standard deviation and low point density ratio.



The algorithm for individual tree segmentation was based on a bottom–up method developed by [27]. In each connect component, the points bounced back by trunk and braches were selected with a threshold in intensity. From the bottom up, the horizontal distance between the points on the trunk and branches were calculated, and the points within a certain distance threshold were segmented into one tree. After building the trunk and branches, the rest of the points were allocated to the existing trees according to the 3D distance from the nearest trunk or branch. To estimate the frontal area for individual tree, the point cloud of each individual tree was projected onto a vertical plain by assigning the mean x value or mean y value to all points. Then grids were formed on the 2D projection area. Points were filled on grids, and the number of grid with points was counted. The grid size was decided according to the point density. The frontal area results were compared with the existing literature [17], and the optimal grid size was decided.




2.3.2. Green Vegetation Abundance Contributed by Trees


NDVI can measure the abundance of green vegetation. Tree canopy cover is the proportion of an area covered by the vertical projection of tree crowns [28]. In urban areas, not all green vegetation abundance was contributed by trees; another major contributor is lawn. The multiplication of NDVI and tree canopy cover resulted in the green vegetation abundance contributed by trees. NDVI was calculated by using surface reflectance of band 4 and band 5 from Landsat 8 images. The raster pixels were then converted to points by using the coordinates of mean x and mean y as the location of the tree, with frontal area, tree crown base area, height, length, and width in the attribute table.




2.3.3. Tree Categories


In the tree inventory dataset, 30 genera of trees were found in the study area (Table 1). For the purpose of estimating the frontal area, the characteristics of vertical shapes described by the height and canopy size were used to categorize the trees into bigger categories.



Understory (U), Intermediate (I), and Dominant (D) were used to describe the height of a tree, while Broad canopy (B) and Sparse canopy (S) were used to describe the density of the canopy. These characteristics were used because it directly related to the resistance to air flow. Coniferous trees were a large category in the study area; they fell in the category of Dominant broad canopy. However, since the vertical shape of coniferous trees was distinct from deciduous trees, and the canopy density was usually higher, we designed a special group for conifer trees (Group 7). The detailed tree category table can be found in the Appendix A.




2.3.4. Tree Frontal Area Estimation in 30 m Pixels


The variables of individual tree were added together in each 30 m pixel. The numeric variables, such as DBH and height, became the sum in each 30 m pixel; the dummy variables, such as trees in poor condition and trees in single-family residential land, became number of trees with under those conditions in 30 m pixels. Pearson Correlation between the variables and tree frontal areas in each 30 m pixel were calculated, and the variables with higher correlation (>0.5) were selected to form stepwise multivariate linear regression models.



The northern half of Warren Township was used as the calibration site, and the southern half as the validation site (Figure 3). NDVI and tree canopy cover were multiplied to obtain green vegetation abundance contributed by trees. The 30 m resolution raster was then converted to points. Each point represented the center of a pixel. Tree inventory with LiDAR extracted crown base area, height, width, and depth of each tree, and the frontal area were associated with values of NDVI and tree canopy cover. The sum of the values of tree frontal areas was calculated for trees within each pixel. There were 250 training samples, and 319 validation samples. Pearson correlation was conducted between frontal area and the factors to estimate frontal areas, such as NDVI, tree canopy cover, geometric parameters of trees, and the records in tree inventory. The following paragraphs in this section describe more details of the parameters from both Terrestrial LiDAR and tree inventory data, and their relationships with tree frontal area.



The variables relevant to tree frontal area were selected from the tree inventory data, including DBH, tree condition, tree damages, land use types, maintenance, and defects. DBH ranged from 1 inch to more than 42 inches. Although it varied from species to species; larger DBH often indicated larger frontal areas. Tree condition was described as dead/dying, poor, fair, and good. The trees in a dead/dying condition may not necessarily possessed less frontal area, however, the amount of new branches and leaves may be reduced on the dying trees. As a result, the frontal area may be smaller compared to trees in the same species and of the same age in healthy conditions. Similarly, good condition trees may grow more leaves and new branches, which may result in bigger frontal areas. The four tree condition categories were described in dummy variables in the regression model. Primary maintenance to trees included large tree cleaning, small tree cleaning, young tree training and planting new trees. These actions were grouped into two categories based on their function to potentially increase or decrease the fontal area, and dummy variables were used for the two categories. Since removal and stump removal would result in no tree present at that location, these trees were taken out of the analysis. Secondary maintenance included raise, reduce, thin, restoration, utility, and the default was none. As primary maintenance, dummy variables were used, and none was the control group.



There is a list of 32 types of tree damages, including adventitious, cavity, completely topped, construction damage, and infested by Emerald Ash and Borer (EAB). The default was no damage, and up to two major damages were recorded. Dummy variables were used to describe this information and no damage was the control group. The sizes of defects were categorized as N/A, less than 4 inches, 4–20 inches, and greater than 20 inches in the tree inventory. The categorical variables were expressed by dummy variables in the regression model.



Fahey et al. [29] found that responses of tree species to drought varied with land use, such as built-up, transportation, park, and semi-natural forest. Their test was conducted on four species: Acer saccharum, Gymnocladus dioicus, Liriodendron tulipifera, and Pinus strobus in suburban Lisle, Illinois, USA. Yearly growth for each tree was calculated by converting ring width to basal area increment (BAI) by back calculating basal area based on current diameter and annual ring widths. Their result showed that for all species, the highest yearly growth was found in parks, followed by built areas, transportation sites, and forests. The most important finding was that urban tree growth and resistance to drought varied as an interaction between species and land uses. In the tree inventory data, there were description of land use and site. Land use included single-family residential, multi-family residential, small commercial, industrial/large commercial, and park/vacant. Site types included front yard, planting strip, cutout/pit, median, other maintained locations, other unmaintained areas, side yard, backyard, row, and wooded edge. These variables were categorized as dummy variables in the regression model.



In addition to tree frontal area, other morphological parameters derived from Terrestrial LiDAR included tree height, tree width, and tree crown area. The estimations of tree heights and crown base area, were inspired by the voxel-based method proposed by [30].






3. Results


3.1. Frontal Area Estimation for Individual Trees


Figure 4a–h shows the process of individual tree segmentation on one Terrestrial LiDAR tile. The major steps included ground removal, surface growing, planar removal, connect components, tree detection, trunk and branch building for individual tree segmentation, and allocating the rest of the points. As shown in Figure 3, the proposed method successfully segmented both deciduous trees and coniferous trees. More specifically, Colorado Blue Spruce and Siberian Elm were the species recorded on the tree inventory data for the leftmost and rightmost ones. This method was suitable for urban areas with diverse tree types. It is worthy to note that the tree inventory only recorded trees on public lands; not every tree in the city was listed.



Five hundred Terrestrial LiDAR data tiles, around 1 TB data, were processed in this study. A total of 12,697 trees were detected: 433 trees were found matching with the 2013 tree inventory, and 711 trees with the 2014 tree inventory. The 2013 tree inventory covered the northern half of Warren Township, while the 2014 inventory covered the southern half of the Township. The number of matched trees was relatively small, because the tree inventory surveyed only trees on the land owned by the City of Indianapolis, but not those on private lands.



As described in the methodology section, in the individual tree frontal area estimation, a bounding box was formed for each individual tree. The lengths of z axis (height), x axis (along E-W direction), and y axis (along N-S direction) were included in the output. Since it was hard to visualize tree frontal area, we decided to use a proxy to validate our results. Width, height, and crown base area are proxies that related to frontal area. The correlation between the three proxies and frontal area are all greater than 0.9. However, width was the easiest to be measured in the field, and that is why we chose width, which was the side length of a tree along N-S direction for the purpose of validation. Three transects were selected, and the length of y axis of the bounding box of each tree was measured by tape. GPS locations were recorded, photos were taken, and the results were compared with the LiDAR estimates. Figure 5a shows the tree transects. The first transect was located 0.2 mile from New Life Community Church (6407 E 14th St.) to 6401 E 16th St., the second transect 0.4 mile from New Life Community Church (6345 Massachusetts Ave.) to the Marathon Gas Station (3399 N Arlington Ave.), and the third transect 0.3 mile from Marathon Gas Station (3399 N Arlington Ave.) to 6601 E 34th St. The first transect was in a residential area, while the second and third transects were along major roads. The three transects were chosen because they were on public lands, many trees matched the tree inventory data, and tree species and growing stages were diverse. Twenty-one trees were selected for the validation. The R2 was 0.52, and the RMSE was 15 feet (Figure 5b). This indicates that the individual tree segmentation, bounding box, and the choice of the size of the grid is reasonable in this case study.




3.2. Estimating Frontal Area for per 30 m Pixel


The correlation between each factor and the tree frontal area was calculated, and the factors that highly correlated with tree frontal area were selected for the stepwise linear regression model (Table 2).



Stepwise multivariate linear regression model (Model 1) was built between frontal area and the independent variables in Table 2. The R2 of the model yielded 0.99, and the standard error of the estimation was 77.35. It should be mentioned that not every city has complete tree inventory data, and not every tree inventory collects same types of data, and some variables can also be extracted from airborne LiDAR data. To make model more applicable to other areas, another multivariate regression model (Model 2) was built with only geometric variables, including DBH, crown base area, height, and width. The R2 of the model yielded 0.99, and the standard error of 77.48.



Since the crown base area discovered the highest correlation with the frontal area (0.99), the association between frontal area and crown base area was further explored. A linear regression model was built between frontal area and crown base area (Model 3). The R2 of the model yielded 0.98, and the standard error of the estimates was 103.89. The high R2 indicates the strong relationship between tree frontal area and tree crown base area. Therefore, for the areas that only have NLCD tree canopy area data available, this model can be used to estimate tree frontal area based on tree canopy cover data.




3.3. Model Validation


All three models were validated in the southern half of Warren Township, and the R2 and RMSE are shown in Figure 6. Thirty-nine additional tree types and 25 corresponding tree genera were found in the validation site but not in the calibration site. These trees were also categorized according to the same criteria as shown in Table 1. Adding the additional tree types in validation was to test if the models were robust for trees that were not found in the calibration models.



Model 1 is the multivariate regression model with all the independent variables with a correlation greater than 0.5; Model 2 is the multivariate regression model with only the geometric independent variables extracted from Terrestrial LiDAR; Model 3 is the regression model with only the crown base area, which has the highest correlation with frontal area (0.991).



Figure 6a shows that the overall R2 for Models 1 and 2 were similar, 0.87 and 0.88, respectively. The Model 3 yielded a relatively lower R2, 0.84. Similarly, while RMSE for Models 1 and 2 emulated each other, and RMSE of Model 3 was higher. This finding indicates that geometric variables were key to frontal area estimation, and adding more variables from tree inventory data may not significantly increase the robustness of modeling.



Further, R2 varied with tree category. Categories 1–6 had very high R2, greater than 0.94. Category 7 (conifer trees) detected a lower R2, 0.89 for both Models 1 and 2 and 0.74 for Model 3. This lower R2 can be attributable to the diversity of conifer trees. Eleven species were included in training samples, i.e., Arborvitae spp., Black Pine, Burkii Eastern Redcedar, Colorado Blue Spruce, Douglas Fir, Juniper, Northern White Cedar, Norway Spruce, Red Pine, Scotch Pine, and white pine. The relationship between tree frontal area and the independent variables may vary among different species in the big category of conifer trees. The RMSE of Model 3 is also much higher than other categories. Models 1 and 2 are better for this bigger group. If crown base area is the only variable available, finer sub-categories need to be divided for conifer trees.



According to Figure 6b, the individual categories yielded much smaller RMSE compared to blending 7 categories together. This indicates that the method of categorizing trees according to their height and canopy density is effective in tree frontal area estimation. Categories 1 (Understory and Sparse Canopy) and 4 (Intermediate and Broad Canopy) generated relatively high RMSE, both of greater than 200 ft2. Categories 2 (Understory and Broad Canopy) and 3 (Intermediate and Sparse Canopy) produced a lower RMSE, around 70 ft2 for the first two models. For Understory and Broad Canopy and Intermediate and Sparse Canopy trees, the addition of more geometric variables was helpful to increase the accuracy of the frontal area estimation. Category 5 (Dominant and Sparse Canopy) was a small group, including only Birch and Kentucky Coffeetree, whereas Category 6 (Dominant and Broad Canopy) the biggest group. For Category 6, Models 1 and 3 yielded the same RMSE (103.48 ft2), but Model 2 much lower RMSE, 83.75 ft2. Therefore, for Dominant and Broad canopy trees, geometric variables were key to frontal area estimation.



The optimal models for different tree categories were suggested. Model 3 generated high RMSE values for all tree categories, especially for Categories 2, 3, and 7. Therefore, for Categories 2, 3, 7, Models 1 and 2 were better choices. The accuracy of Models 1 and 2 did not show significant difference for all categories, but Model 2 did yield smaller RMSE than Model 1 for Categories 2 and 6. Therefore, for these two categories, variables from tree inventory data were not useful for frontal area estimation. Categories 1, 4, 7 yielded relatively large RMSE values compared to other categories; thus, finer categories and/or better models need to be developed for these trees.



By comparing Akaike Information Criterion (AIC), Model 2 had the minimum AIC value, and the ∆AIC of Model 1 was 5.2 and the ∆AIC of Model 3 was greater than 100. According to [31], the min AIC was the AIC value of the best model. A ∆AIC greater than 10 indicates that the model is very unlikely. Therefore, Model 2 was the best model among the three, and Model 3 seemed unlikely. Akaike weights of the three models are 0.07, 0.93, and 0.00, respectively. Akaike weight indicates the probability of a model being the best model among all models. Therefore, among the three models, Model 2 yielded a 93% chance of being the best.





4. Discussion


The individual tree segmentation is a key step in the process of estimating tree frontal areas. The currently available methods developed in agriculture and forest areas, such as the bottom–up approach (Lu et al., 2014), top–down method (Li et al., 2012), and watershed algorithm (Chen et al., 2006; Alonzo et al., 2014), are promising for dealing with stand-alone trees (Figure 7a) and segmenting similar species (Figure 7b). However, with the mixture of tree species and shrub (Figure 7c,d), these methods have limitations. Better segmentation techniques and tree inventory with shrub information may be helpful to differentiate trees and shrubs. Further, human intervention and maintenance was another factor that affected tree growth in urban areas. Tree removal (Figure 7e) and new growing after removal (Figure 7f) may not be documented in a tree inventory or not match the LiDAR data. Field work and frequently updated tree inventory data are important for validation.



Intensity value was used to differentiate trunks and branches with leaves because it determined by surface reflectance, which is related to surface texture and roughness [27]. A threshold of greater and equal to 35 was used in [27] to detect the trunks and branches. In our study, we found that a threshold of smaller and equal to 30 yielded better results. The difference in intensity value is due to from various texture and roughness of trunks, branches, and leaves from different tree species. The proper choices of threshold vary by tree species and regions.



The Terrestrial LiDAR data was collected in the fall season, September 2013. Trees were basically leaf-on then. Since most of the trees were deciduous, tree frontal areas decreased in winter, making them less effective as wind blocks than in fall and summer. The conifers’ frontal areas did not change much in winter, and they provided a wind block year round. Therefore, research of the seasonal changes of tree frontal area for deciduous trees is desirable.



The category of dominant, intermediate, and understory of trees were based on the mature size rather than young trees. Therefore, the dominant category may contain younger trees in various growing stages. In addition, some tree types, such as Autumn Olive, were classified as a shrub to small tree, typically 3.5 m in height. As a shrub it would be understory, but as a small tree, 3.5 m would be intermediate. Therefore, field investigation and hard rules would be helpful to improve the categorization of trees.



In this study, frontal area was extracted from Terrestrial LiDAR data, and other geometric variables, except DBH, were also from Terrestrial LiDAR data. This may partly explain the very high R2. Data from other sources, for instance, aerial LiDAR and tree canopy cover from NLCD needs to be tested in future research. In addition, the tree inventory data only included trees on public land, and the LiDAR extracts were joined to the tree inventory. Therefore, the frontal area can only represent the trees public land, and not every tree in a 30 m pixel was represented. This might be the reason that the NDVI and tree canopy cover did not show high correlation (0.27) with tree frontal area. More research is needed to represent all trees in a pixel. Potentially, this technique can now be used and extrapolated to all trees. The LiDAR data could quickly be used to calculate wind resistance for a larger area and to relate to NDVI and tree canopy data.




5. Conclusions


The tree frontal area is one of the most influential factors in urban surface roughness estimation in micrometeorological studies. This study presents the first attempt to estimate the frontal areas of trees in an urban area using Terrestrial LiDAR, tree inventory data, NDVI, and NLCD tree canopy cover. We estimated the frontal area of individual trees as well as per 30 m pixel. Instead of using conventional methods based on LULC types or geometrical models, Terrestrial LiDAR data offered great potentials to extract true and timely individual tree frontal areas in urban settings. Furthermore, this study found the high correlation between tree frontal area and tree crown base area, which indicated that NLCD tree canopy cover data can be useful in tree frontal area estimation. The results of regression modeling indicated that extra information from tree inventory may not be helpful in the calculation of tree frontal area, but it was useful in validation and explanation of the results. A proper tree categorization according to the vertical air resistance, e.g., height and canopy density, was effective to reduce the RMSE in tree frontal area estimation. Geometric parameters, such as height, crown base height, and crown base area extractable from airborne LiDAR, may also be sufficient for tree frontal area estimation in the areas where Terrestrial LiDAR is not available.
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Table A1. The detailed suggested tree categories based on the degree of the resistance to air flow based on tree stature (understory, intermediate, or dominant) and crown density (broad or sparse).







Table A1. The detailed suggested tree categories based on the degree of the resistance to air flow based on tree stature (understory, intermediate, or dominant) and crown density (broad or sparse).







	
Tree Name

	
Genus

	
Understory/Intermediate/Dominant

	
Broad/Sparse Canopy

	
Suggested Category






	
Honeysuckle, spp.

	
Lonicera

	
U

	
S

	
1




	
Dogwood

	
Cornus

	
U

	
S

	
1




	
Redbud

	
Cercis

	
U

	
S

	
1




	
Arborvitae spp.

	
Thuja

	
U

	
B

	
2




	
Autumn Olive

	
Elaeagnus

	
U

	
B

	
2




	
Mulberry, spp.

	
Morus

	
U

	
B

	
2




	
Red Mulberry

	
Morus

	
U

	
B

	
2




	
Russian-Olive

	
Elaeagnus

	
U

	
B

	
2




	
Smoketree

	
Cotinus

	
U

	
B

	
2




	
Staghorn Sumac

	
Rhus

	
U

	
B

	
2




	
White Mulberry

	
Morus

	
U

	
B

	
2




	
Apple

	
Malus

	
U

	
B

	
2




	
Lilac

	
Syringa

	
U

	
B

	
2




	
Serviceberry

	
Amelanchier

	
U

	
B

	
2




	
Sumac

	
Sumac

	
U

	
B

	
2




	
Zelkova

	
Zelkova

	
U

	
B

	
2




	
American Sycamore

	
Platanus

	
I

	
S

	
3




	
Ironwood

	
Ostrya

	
I

	
S

	
3




	
Ginkgo

	
Ginkgo

	
I

	
S

	
3




	
Hawthorn

	
Crataegus

	
I

	
S

	
3




	
Locust

	
Robinia

	
I

	
S

	
3




	
Pear

	
Pyrus

	
I

	
S

	
3




	
Plane tree

	
Platanus

	
I

	
S

	
3




	
Poplar

	
Poplar

	
I

	
S

	
3




	
Black Cherry

	
Prunus

	
I

	
B

	
4




	
Cherry, Japanese flowering

	
Prunus

	
I

	
B

	
4




	
Cherry, Plum, Peach

	
Prunus

	
I

	
B

	
4




	
Cherry, sweet

	
Prunus

	
I

	
B

	
4




	
Chokecherry

	
Prunus

	
I

	
B

	
4




	
Golden Raintree

	
Koelreuteria

	
I

	
B

	
4




	
Higan Cherry

	
Prunus

	
I

	
B

	
4




	
Mimosa

	
Albizia

	
I

	
B

	
4




	
Northern Catalpa

	
Catalpa

	
I

	
B

	
4




	
Osage-Orange

	
Maclura

	
I

	
B

	
4




	
Persimmon

	
Diospyros

	
I

	
B

	
4




	
plum, cherry

	
Prunus

	
I

	
B

	
4




	
Yellowwood

	
Prunus

	
I

	
B

	
4




	
Buckeye

	
Aesculus

	
I

	
B

	
4




	
Magnolia

	
Magnolia

	
I

	
B

	
4




	
Prunus

	
Prunus

	
I

	
B

	
4




	
Sweetgum

	
Liquidambar

	
I

	
B

	
4




	
Willow

	
Salix

	
I

	
B

	
4




	
Ash, pumpkin

	
Fraxinus

	
D

	
B

	
5




	
Kentucky Coffeetree

	
Gymnocladus

	
D

	
S

	
5




	
Birch

	
Betula

	
D

	
S

	
5




	
American Linden

	
Tilia

	
D

	
B

	
6




	
Baldcypress ‘Shawnee Brave’

	
Taxodium

	
D

	
S

	
6




	
Boxelder

	
Acer

	
D

	
B

	
6




	
Chancelleor Linden

	
Tilia

	
D

	
B

	
6




	
Eastern Cottonwood

	
Populus

	
D

	
S

	
6




	
Hackberry

	
Celtis

	
I

	
B

	
6




	
Horsechestnut

	
Aesculus

	
D

	
B

	
6




	
Pecan

	
Carya

	
D

	
B

	
6




	
Silver Linden

	
Tilia

	
D

	
B

	
6




	
Tree-Of-Heaven

	
Ailanthus

	
I

	
B

	
6




	
Ash

	
Fraxinus

	
D

	
B

	
6




	
Beech

	
Fagus

	
D

	
B

	
6




	
Elm

	
Ulmus

	
D

	
B

	
6




	
Hickory

	
Carya

	
D

	
B

	
6




	
Maple

	
Acer

	
D

	
B

	
6




	
Oak

	
Quercus

	
D

	
B

	
6




	
Tupelo

	
Nyssa

	
D

	
B

	
6




	
Walnut

	
Juglans

	
D

	
B

	
6




	
Dawn Redwood

	
Metasequoia

	
D

	
B

	
7




	
Douglas Fir

	
Pseudotsuga

	
D

	
B

	
7




	
White Fir

	
Abies

	
D

	
B

	
7




	
Conifer

	

	
D

	
B

	
7








Note: the bold tree names were found in validation site, but not in calibration site.
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Figure 1. The location of the study area, Marion County, Indiana, USA, and the nine townships in Marion County. 
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Figure 2. The flowchart of estimating tree frontal areas in urban areas. 






Figure 2. The flowchart of estimating tree frontal areas in urban areas.



[image: Remotesensing 08 00401 g002]







[image: Remotesensing 08 00401 g003 1024] 





Figure 3. The calibration and validation sites. 
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Figure 4. Demonstrating the process of individual tree segmentation: (a) the original Terrestrial LiDAR tile; (b) ground removal; (c) surface growing; (d) planar removal; (e) connect components; (f) tree detection; (g) trunk and branch building for individual tree segmentation; and (h) allocating the rest of the points. 
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Figure 5. (a) Three transects for validation and (b) validation of field observed tree width (along N-S direction) versus LiDAR Estimates. 
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Figure 6. R2 (a) and RMSE (b) of three models on seven tree categories. 
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Figure 7. Stand-alone trees (a) and stands with similar species (b) segment easily; trees with vine and shrub (c,d) are hard to be segmented; Trees may have changed form from previous data collecting because of removal (e) and growing after removal (f). 
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Table 1. The suggested tree categories based on the degree of the resistance to air flow based on tree stature (understory, intermediate, or dominant) and crown density (broad or sparse).
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Suggested Category

	
Understory/Intermediate /Dominant

	
Broad/Sparse Canopy

	
Examples of Trees






	
1

	
U

	
S

	
Honeysuckle, Dogwood, Redbud




	
2

	
U

	
B

	
Arborvitae, Autumn Olive, Mulberry




	
3

	
I

	
S

	
American Sycamore, Poplar, Ginkgo




	
4

	
I

	
B

	
Black Cherry, Buckeye, Willow




	
5

	
D

	
B

	
Birch, Kentucky Coffeetree




	
6

	
D

	
S

	
Ash, Beech, Elm, Maple, Walnut




	
7

	
D

	
B

	
Dawn Redwood, Conifer, Douglas Fir
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Table 2. Correlation between frontal area from TLiDAR and the independent variables.
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Independent Variables

	
Pearson Correlation

	
Data Source






	
Sum DBH

	
0.519

	
Tree Inventory




	
# of trees with two abnormal diagnoses

	
0.624

	
Tree Inventory




	
# of trees in poor condition

	
0.609

	
Tree Inventory




	
# of trees performed large tree clean

	
0.518

	
Tree Inventory




	
# of trees with utility maintenance

	
0.608

	
Tree Inventory




	
# of tree with sidewalk heaved <3/4 inch

	
0.661

	
Tree Inventory




	
# of trees in Single-family residential land

	
0.568

	
Tree Inventory




	
# of trees with <4 in defect

	
0.569

	
Tree Inventory




	
Sum Crown Base Area

	
0.991

	
Terrestrial LiDAR




	
Sum Height

	
0.853

	
Terrestrial LiDAR




	
Sum width (EW length)

	
0.922

	
Terrestrial LiDAR




	
Sum width (NS length)

	
0.901

	
Terrestrial LiDAR








Note: the independent variables in this table are the ones with a correlation greater than 0.5. # = number.
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