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Abstract: While CO2 emissions of cities are widely discussed, carbon storage in urban 

vegetation has been rarely empirically analyzed. Remotely sensed data offer considerable 

benefits for addressing this lack of information. The aim of this paper is to develop and 

apply an approach that combines airborne LiDAR and QuickBird to assess the carbon 

stored in urban trees of Berlin, Germany, and to identify differences between urban 

structure types. For a transect in the city, dendrometric parameters were first derived to 

estimate individual tree stem diameter and carbon storage with allometric equations. Field 

survey data were used for validation. Then, the individual tree carbon storage was 

aggregated at the level of urban structure types and the distribution of carbon storage was 

analysed. Finally, the results were extrapolated to the entire urban area. High accuracies of 

the detected tree locations were reached with 65.30% for all trees and 80.1% for dominant 

trees. The total carbon storage of the study area was 20,964.40 t (σ = 15,550.11 t). Its 

carbon density equaled 13.70 t/ha. A general center-to-periphery increase in carbon storage 

was identified along the transect. Our approach methods can be used by scientists and 

decision-makers to gain an empirical basis for the comparison of carbon storage capacities 
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between cities and their subunits to develop adaption and mitigation strategies against 

climate change.  

Keywords: LiDAR; QuickBird; urban vegetation; urban trees; carbon storage; 

sequestration; spatial patterns; climate change; mitigation  

 

1. Introduction 

Urban areas contribute significantly to global carbon emissions (70% of the global value); 

forecasted future urbanization will lead to further increases in this proportion [1]. Conversely, the 

carbon storage level of cities is built upon large artificial and natural sinks like buildings, waste areas, 

living organisms, soils and vegetation [2,3]. Recent studies in the United States [4–6], Europe [2,7,8] 

and Asia [9,10] reveal that the storage capacity of urban trees represents an important urban carbon 

sink. For instance, Heath, et al. [11] stated that 14% of the total amount of sequestration by forests in 

the U.S. is provided by urban forests and Davies et al. [7] reports that 97.3% of the total carbon stored 

in above-ground vegetation in the city of Leicester, UK, was within trees. However, research on the 

amount of urban tree carbon storage still lacks automated and area-wide methodological approaches 

that cover public and private space, allowing a cheap assessment of carbon storage. 

Recent developments in remote sensing technologies with an increasing spatial and temporal 

resolution and the availability of 3D airborne laser scanning data (ALS) seem promising for assessing 

above-ground carbon storage. Very high resolution multispectral images such as QuickBird enable a 

detailed separation of vegetation and non-vegetation, even in dense urban areas, and provide an 

important information source for further combined analysis with airborne LiDAR [10,12–14]. Using 

airborne LiDAR data, tree carbon assessments have been successfully completed for an entire tree 

stock [15], and for single trees by using neighbored pixel information [16]. In order to measure urban 

tree carbon stocks, assessment on the single-tree level is particularly important because it accounts for 

the heterogeneous formations and shapes of trees in urban environments [17]. The carbon content of 

single trees has been successfully derived from biomass, which can be calculated using allometric 

equations for dendrometric parameters such as tree height or crown diameter [18,19]. Using airborne 

LiDAR data improve the derivation of dendrometric parameters of single trees, because the data 

contains precise geometrical heights as a result of active distance measurements [20]. Methods for 

assessing individual tree parameters from airborne LiDAR became popular in the forestry sector, with 

increased spatial resolution and location accuracy in the late 1990s [21–24]. These approaches mostly 

assess tree location and crown diameter by using the brightness values in raw airborne LiDAR data 

(e.g., [25,26]) or height values within a Canopy Height Model (CHM) (e.g., [27,28]). Some of these 

approaches have been transferred to urban areas and have been frequently augmented by using 

additional data sets such as terrestrial laser scanning (TLS) to improve the derivation of dendrometric 

parameters. The effectiveness of the chosen approach was found to vary depending on the local tree 

stock conditions, the spatial data resolution, and the algorithms used [12,29–31].  

Only few studies have dealt with carbon quantification of urban trees, and even fewer with their 

patterns of distribution. The latter is particularly interesting because tree density within urban areas is 
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unevenly distributed, depending on urban planning and architectural types. In Berlin, the built-up area 

is divided into urban structure types, which are homogeneous regions in terms of spatial 

structure/morphology [32]. The division of structure units is similar to the type adopted in land 

utilization plans that exist for almost every municipality in Germany. Strohbach and Haase [8] 

differentiated above-ground carbon storage in trees for different land use classes in the city of Leipzig 

and found a decline of carbon storage from intensively to less intensively used industrial, commercial 

or residential areas. Furthermore, they identified a general increase with greater distance from the 

urban core, similar to Radford and James [33], and Hutyra, Yoon and Alberti [6].  

The aim of this paper is to develop and apply an approach that combines airborne LiDAR and 

QuickBird to assess the carbon stored in urban trees of Berlin, Germany, and to identify differences 

between urban structure types. First, an urban transect in Berlin was selected that reflects common 

heterogeneous carbon distribution patterns on public and private property. Within this transect, 

dendrometric parameters were derived and calibrated and the carbon storage for urban structure types 

was estimated. Finally, an initial carbon storage estimate and distribution for the entire urban area was 

obtained by extrapolating the results for the urban transect to the entire city of Berlin. 

2. Material and Methods 

2.1. Study Area 

Berlin holds an area of circa 892 km2 of which almost 40% is covered by urban vegetation. Thus, 

the city comprises the largest urban forest in Germany (~290 km2) [34]. This study focuses on a 

transect of 15.3 km2 that extends from the Northeast to the Southwest of the city and is characterized by 

15 different urban structure types, including street area (Figure 1). About 60% of the transect is private 

property, with public streets taking up 23%, and public green spaces comprising 17% of the area 

(Table 1). Sealed surfaces are mixed with various green areas, mainly parks and cemeteries. The 

central city is characterized by a dense matrix of buildings with five or more stories, mostly 

constructed in the late 19th and early 20th century, with mixed residential, commercial and/or 

community use. The outskirts of the city are characterized by complexes of multi-story buildings  

(up to 20 stories) built since the 1950s and primarily comprised of housing.  

2.2. Data and Preprocessing 

High resolution multispectral QuickBird and airborne LiDAR data were combined (Table 2) with 

urban structure type data (Table 1), as well as data from field surveys.  

Preprocessed LiDAR height models, a digital surface model (DSM) and a digital terrain model 

(DTM) were acquired. Both models were based on two wintertime flights from 26–28 November 2007 

and from 11–13 January 2008. To derive the height of the surface objects, a normalized Digital Surface 

Model (nDSM) was calculated by subtracting the DSM from the DTM [35]. Two QuickBird images 

were used to separate vegetation and artificial area. A multispectral QuickBird image (2.44 m) was 

pan-sharpened to combine the spectral information of this product with the spatial resolution of a 

panchromatic image (0.61 m) (Table 2).  
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Table 1. Building types and structure types within the urban transect (Source: SenStadt 2011). 

Building Type Abb Structure Type Area 

Structure types in predominantly residential use  

Block-edge 

development  

(1850–1930) 

S1 Late 19th-century block development with wings and rear buildings 16.7%

S2 Late 19th-century block-edge development with few wings and rear buildings 1.2% 

S3 Late 19th-century block-edge development with major changes 5.5% 

S4 1920s and 1930s block-edge development with major changes 2.8% 

Row & high-rise 

development  

(1950–present) 

S5 1950s and later row development 3.8% 

S6 Postwar high-rise development 0.1% 

S7 1980s and 1990s block-edge and row development in East Berlin 5.5% 

S8 Compact high urban living development of the 1990s 0.7% 

Development with 

gardens 

S9 Low Buildings with yards 2.6% 

S10 Villa development with park-like gardens 0.2% 

Structure types in predominantly commercial, services, small business & industrial use  

 S11 Development with commercial and service use  3.9% 

 S12 Low development with small business and industrial use  4.1% 

 S13 Heavily built-up with small business and industrial use  0.8% 

 S14 Development with public facilities and special use, traffic areas without 

streets and building lots  

13.3%

private space 61.3% 

Green spaces & streets  

 S15 Green spaces 15.5%

 S16 Streets 23.2%

  public space 38.7%

Figure 1. Urban transect and study sites in the city of Berlin, Germany. 
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Table 2. Remote sensing data. 

Imagery Details 

Airborne LiDAR 
- digital surface model (DSM) 
- digital terrain model (DTM) 

Sensor ALTM Gemini 
Acquired wintertime 07/08 (leaf-off) 

Point density 
DSM: 4 points/m2 
DTM: 1 point/m2 

Swath width 0–50° 
Wavelength 1064 nm 

QuickBird satellite 
- multispectral image 
- panchromatic image 

Sensor BGIS 2000 
Acquired May 2009 (leaf-on)  

Spatial resolution 
0.61 m (panchromatic) 
resampled 1 m (multispectral, pan-sharpened) 

Spatial accuracy product level 1b (RMSE = 14.00 m) 

The pan-sharpened QuickBird image was rectified using 1st order rational polynomial coefficients 

(RPC), the DSM and 6 additional 3D ground control points (GCPs) to improve the spatial accuracy of 

default-level 1b imagery (RMSE 1-D = 14 m). The rectified imagery showed a final root-means-square 

error below 1.9 m (RMSE 1-D). The normalized difference vegetation index (NDVI) was calculated to 

separate vegetation from artificial surface. For this vegetation mask a threshold of 0.2 was selected, 

that had been verified with ground-truth data and visual inspection of vegetation [36]. The vegetation 

mask was smoothed using a 3 × 3 median filter to increase the consistency of the nDSM [16,37]. 

A tree mask was produced by combining the vegetation mask and a 2 m height threshold of the nDSM, 

which excluded the majority of trees. Non-tree pixels were set to the value “0” and the vegetation and 

tree mask were layer-stacked to create a Canopy Height Model (CHM). The vegetation and tree mask 

were validated by 100 randomly selected points. An overall accuracy of 97% for the vegetation mask 

and 99% for the tree mask was achieved. 

Since complications occurred with artificial objects (e.g., transmission lines) due to mixed pixel 

problems, these objects were removed by manual filtering of the tree height output using a height 

threshold of 30 m. Thirty-five samples were taken, in which “trees” with ≥30 m height were compared 

visually with the QuickBird images. All samples represented not trees but artificial objects. All the 

remote sensing data used had a common spatial resolution of 1 m (WGS 1984 projection, UTM 33N). 

In addition to the remote sensing data, vector data of urban structure types from 2010 were 

included [32]. Moreover, two independent tree surveys were conducted in autumn 2011 and summer 

2014 to assess ground-truth data for calibration (220 trees) and validation (98 trees) of dendrometric 

parameters. All data were acquired with high GPS accuracy (Figure 1). In order to allow for 

comparability between the remote sensing and field data that originate from different years, only 

reference information on trees that were planted before 2007 were acquired in 2011 and 2014. The 

selection of trees within the study sites “urban environment” and “public park” reflects the spatial 

heterogeneity of urban stocks within typical residential areas and public parks. Selected areas 

comprised public and private property with single, lined and grouped trees. For the trees, diameter at 

breast height (DBH), or 1.3 m above the ground, was recorded. A tree that covered other tree crowns 

was defined as dominant.  
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2.3. Analytical Methods 

The approach built upon existing methods to estimate the carbon storage of the study area in two 

main steps [16,31,38–41]. First, dendrometric parameters (tree height, crown width, crown base 

height) were derived from the CHM. In addition, all trees were located and counted to assess the total 

number of trees and the distribution of tree carbon storage in Berlin. To identify tree height, tree 

locations and total number of trees, local maxima within a moving window were assumed. The moving 

window shifts over the CHM and identifies the highest z-value within a group of pixels with an odd 

number (e.g., 3 × 3). This pixel is then assumed to represent the top of a tree crown and can be marked 

as the position and maximum altitude of a tree. Searching for local maxima via moving windows is a 

reliable method for detecting tree locations and tree heights. The method is mainly applied in the 

forestry sector and delivers very good performance in less dense conifer stocks with trees of a similar 

height [16,26]. In dense stands with various heights the described local maxima algorithm struggles 

with errors of commission and omission caused by irregular crown shapes and the same filter size for 

trees with different crown widths. Therefore, Popescu and Wynne [41] developed a flexible filter 

matrix (Form.1: lm) for vertical and horizontal diverse stands, which can be found on most public 

parks, graveyards and allotments in Berlin. Because of these similarities this algorithm was chosen for 

the present study. During application within the CHM, the moving window is adjusted by tree-specific 

height values (Form.1: H) within the filter matrix  (Figure 2, Step B) and the highest pixel gets stored 

as the local maxima that represents the tree top and position (Step C, red cross = local maxima).  

Figure 2. Functioning of flexible local maxima filter for tree height and location.  

(A) Canopy height model; (B) Application of height adjusted LM filter; (C) Localization 

of tree tops. 

 
(A) (B) (C) 

Constants for deciduous and mixed tree stocks used by Popescu [42] seem the most promising and 

were both tested within the reference areas. The constants for deciduous trees (3.09632, 0.00895) 

showed better agreement (81.5%) and thus were used (Form. 1). The single local maxima were stored 

as individual tree heights. 

H?+=us)lm(deciduo ⋅0.008953.09632  (1)

The methods for assessing crown base heights (CBH) as the distance between the ground and the 

first living branch on the individual-tree level can be divided into two main approaches: methods that 

extract vertical profiles [43,44] and voxel-based methods which use the frequency of laser returns 
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within a 3D-space [45,46]. However, these methods require access to the LiDAR point cloud and are 

computationally intensive for large study areas. Because this study relies on the CHM raster, crown 

base height was estimated as half the tree height. All described steps are summarized in Figure 3. 

Figure 3. Workflow for carbon modeling. (digital surface model = DSM; digital elevation 

model = DEM; LM = local maxima; DBH = diameter at breast height; H = tree height; 

CW = crown width; CBH = crown base height; a, b, c & d = constants for mixed boreal 

forests, C = carbon). 

 

The allometric equation to calculate single tree stem diameter requires the diameter of tree crowns 

as an input. Most methods for tree crown delineation do not offer the tree crown width as an immediate 

result, so an unexploited method which has the crown width as a direct output was used [43]. The 

crown diameters were calculated using the identified local maxima as starting points to extract 16 radii 
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that are 16 cardinal directions radiating from each single tree. A radius was selected when one of the 

following rules was met: (1) The pixels with the lowest relative height value to the local environment 

were stored as “local minimums”. If one of the moving radii reached such a pixel, the horizontal 

distance was outputted as the crown radius. (2) If a sequence of three pixels reached a height less than 

66% of the tree height, the horizontal distance from the second point to the local maxima was determined 

to be the crown radius. Each of the 16 radii was limited by one of these terms and afterwards the tree 

crown diameter was calculated as the mean of all single-tree profiles (compare also [47]).  

The algorithm was implemented with the software FUSION. As a result, the tree locations, the 

number, and the height of trees were received, as well as the crown base height and crown width. 

Afterwards the single tree specific diameter at breast height (DBH) was calculated (Form. 2) following 

Zhao, Popescu and Nelson [40]. The algorithm includes the LiDAR-derived tree height (h), tree crown 

diameter (CW), crown base height (CBH) and several constants for mixed boreal forests [22].  

CBHCWhDBH ⋅+⋅+⋅+= 37.014.37.095.0  (2)

In comparison to the 220 calibration trees of the first field survey, an underestimation of stem 

diameter (87%) was derived. A systematic error of underestimation was identified and the ratio of the 

field-derived and LiDAR-derived DBH was used to calculate a correction factor. A multiplier for the 

derived diameters was computed by calibrating the average mean value weighted by the number of 

trees within each area of the field survey (reference areas). First, the average ratios of the reference 

areas within the central district and the public park were calculated. These ratios (xi) were weighted 

according to the number of trees within the two reference areas (wi) and were used as an input for 

calculating an overall weighted arithmetic mean ( x ) (Moeller 2005). The result (1.36) was applied as 

a correction factor to all LiDAR-derived diameter at breast height (DBH).  

  
(3)

Above-ground carbon storage (cag) from the LiDAR-derived parameters was estimated using an 

allometric model (Cag = Exp (β and β0) ln dbh) for biomass from Marklund [48] and Marklund 

and Schoene [49] (Form. 4 & Figure 3, Step II). The function uses the natural logarithm of the 

previously-calculated DBH and computes the mass of organic material in the trunk, branches and 

leaves as its exponent of every individual tree. The constants of the equation (β and β0) express the 

carbon storage of single genera/species and their growth conditions. Since there is no area-wide 

information on the distribution of genera and species for Berlin, constants on a specified level could 

not be applied. The large size of the study area did not allow for taking samples of all kinds of the 

various tree species and to calculate side-specific constants. Genera information listed in the official 

street tree cadaster from Berlin was used and a similar composition of genera for public and private 

spaces was assumed. Indigenous genera, including Tilia, Aesculus, Ulmus, Platanus and Robinia, dominate 

with some additional neophytes, including Magnolia, Junglans or Sorbus (e.g., Sorbus aucuparia). 

These genera are described by Jenkins’ constants (−2.48 and 2.4835) for mixed deciduous forests of 

the US [50]. Even though the growth conditions for trees in Jenkins’ study area are different to the 

ones of Berlin, the authors are not aware of general constants for a similar composition of (urban) trees 

for European conditions. Thus these numbers represent the best option for the above mentioned genera. 
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The amount of carbon in the dry biomass (with water content <15%) varies between different tree 

genera and species [51,52] around the value of 50%. Due to the lack of information on the vegetation 

genus and species, the carbon content in the dry biomass was determined as half of the biomass 

(Form. 4: expressed by the divisor 2) following previous studies [53–55].  

2/ln2.48352.48exp (DBH))+(=cag ⋅−  (4) 

To analyze whether carbon storage is linked to urban structure characteristics, the amount of carbon 

storage was related to the areas of the 16 structure types within the study area. Since the tree 

characteristics (from visual inspections) and the carbon storage (from own calculations) show only 

minor variation within a structure type, the urban structure type-specific amount of carbon storage 

(Csa) was spatially extrapolated to the entire urban area (Cb). To do so, the proportion of the area of 

each structure type within the transect (STsu) to the overall area of the structure type in the entire study 

area of Berlin (STb) was calculated (Form. 5). Afterwards, this number was multiplied with 

the structure type-specific carbon amount to calculate the amount for the entire area of the unit 

within Berlin.  

Cb = STb/STsu × Csa
 (5)

Finally, the structure types were aggregated to building types (see Table 1) to map the distribution 

of carbon (Figure 4). 

3. Results  

3.1. Dendrometric Parameters 

In total, 76,690 trees were detected in the entire transect; 65.30% of the trees from the airborne 

LiDAR data (64 trees) could be assigned to the reference trees (“assignable trees”, Table 3), resulting 

in a nearly 32% false detection rate of actual tree locations. In comparison, the most trees could be 

assessed in the Public Park Goldfischteich (72%, 21 of 29 trees) which is characterized by tall trees  

(up to >25 m) mostly lined-up with great distance to each other in an avenue of the park. Nearly all 

dominant trees could be identified and correctly localized here (92%, 12 of 13 trees). The identified 

trees in the public parks James Simon and Monbijou were in dense stands similar to forest areas. 

Overall, the lowest number of trees could be detected in these two sites (Monbijou: 61% or 11 of  

18 trees, James Simon: 67% or 10 of 15 trees). In the Krausnickpark, which is located in a backyard, 

75% of the dominant trees could be detected and most trees close to these dominant ones were not 

identified. In contrast, all of the five trees in a small distance to buildings (2–5 m) could be assigned 

(Table 3). 

For several trees two or three trees were located instead of one. Summed up, in three trees three 

local maxima were identified and stored as single ones. In six trees two tree tops were detected instead 

of one per tree. 

In the entire transect the average tree height was 8.82 m. It ranged from an 11.66 m average in the 

green space and the late 19th-century block development with wings and rear buildings, to 5.89 m in 

1980s and 1990s block-edge and row development in East Berlin. According to these results, the 

average crown base height was 4.41 m. The 16 radii method calculated an average crown width of  
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4.39 m. Similar to the tree heights, the widest mean crown diameter (5.84 m) was located in the green 

space; the lowest (2.94 m) was measured in areas with predominantly public facilities and special use 

and traffic areas without streets and building lots.  

Table 3. Accuracy of tree assessment. 

Field Survey Trees LiDAR Trees Accuracy 

Reference areas 
All 

(dominant) 
All 

Assignable trees 

(dominant) 

Assignable 

trees/all trees 

Assignable 

dominant trees

Study site “urban environment” 

Backyard Krausnickpark 1 32 (12) 29 * 22 (9) 69% 75% 

Study sites “public park” 

Public Park James Simon 15 (6) 17 * 10 (4) 67% 67% 

Public Park Monbijou  18 (6) 20 * 11 (5) 61% 83% 

Public Park Goldfischteich 29 (13) 27 * 21 (12) 72% 92% 

Sum (no.) or mean value (%) 98 (37) 93 64 (30) 65.30% 80.10% 
* Reference areas with 2 or 3 tops estimated in one tree (Backyard Krausnickpark: 7 tops in 3 trees, Public 

Park James Simon: 7 tops in 3 trees, Public park Monbijou: 4 tops in 2 trees, Public Park Goldfischteich: 

3 tops in 1 tree); 1 The Krausnickpark is a public par located in a backyard. As in a typical Berlin backyard, 

the tree stock is made of different genus, age and height and trees are often close to buildings. 

The derived dendrometric parameters were used as an input for single-tree stem diameter 

calculation. The results were improved by using a weighted correction factor using 220 calibration 

trees. As a result of correction, the calculated mean diameter (34.71 cm) was approximated to the 

reference diameter (40.10 cm) within the reference areas. In the entire transect, the average stem 

diameter was calculated to be 30.69 cm (σ 6.91 cm). The widest stem diameter was measured in the 

green spaces (37.25 cm), while the lowest occurred in the 1980s and 1990s block-edge and row 

developments in East Berlin (27.02 cm). 

3.2. Carbon Storage and Distribution  

The average value for all trees in the transect was 269.98 kg (σ 202.82 kg), resulting in an  

above-ground carbon storage of 20,964.40 kg (σ 15,550.21 kg). Specific carbon storage capacities for 

the various structure types were identified (Figure 4). In general, carbon storage is higher in trees in 

residential as opposed to service, commercial and industrial-use blocks. Green spaces (S15) contain the 

highest levels of carbon storage related to the area size within the transect. These are followed by 

block-edge- and row developments from the 1920s–1930s (S4), and low buildings with yards (S9). 

Without an obvious ranking by architecture and age, the first three places are followed by structure 

types in predominantly residential areas (in order of relative storage amount: S5, S2, S10, S8, S3, S7). 

The lowest carbon amount occurs for trees within blocks of predominantly commercial, small 

business, service, and industrial use, with the exception of areas with public facilities and special use 

and traffic areas without streets and building lots (S14). Figure 5 outlines the heterogeneity of the 

different structure units regarding tree sizes. Green spaces share the highest amount of various trees 

and the highest amount of average carbon storage per tree. All other urban structure types have an 

average storage amount less than 500 kg/tree.  
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Figure 4. Extrapolation of carbon storage for the study area of Berlin. 

 

Figure 5. Derived carbon storage per tree (kg) in 16 urban structure types (compare Table 1). 

The box plots visualize the median, quintiles 1 and 3, maximum and minimum values. 
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3.3. Carbon Storage for Berlin  

In the last step, the results were extrapolated to the entire area of Berlin, which resulted in a total 

carbon amount of 1,028,427 t with an average amount of 11.53 t/ha. In general, the analysis results 

concerning the spatial patterns within the study transect can be transferred to the extrapolated results. 

However, due to the aggregation of single structure types in building types, the ranking appears to be 

different. Remarkably, carbon storage within the structure types in predominantly commercial, 

services, small business and industrial use is the third-highest, followed by storage in block-edge and 

row- and high-rise developments. The division by structure types enables a separation of carbon stocks 

on public and private property, dividing the urban area into publicly accessible and non-accessible 

areas. A total of 61.3% of the transect is on private property, including residential housing and 

developments in commercial, service, industrial and business use, and 38.7% is located on green 

spaces and streets. Although the private and public spaces vary in size, the trees in the transect 

(private: 10,589 t, public: 11,043) and the extrapolated area (private: 516,049 t, public: 514,846 t) store 

a similar amount of carbon.  

4. Discussion 

This study developed and applied a remote sensing-based approach to assess carbon storage and 

identify differences between structure units within a heterogeneous transect in Berlin, Germany. The 

quality of the carbon assessment has to be evaluated according to the accuracy of the dendrometric 

derivations and in comparison to similar studies since there is no direct validation data for  

above-ground carbon content in trees available for Berlin. The validation results for tree detection 

(all detectable trees: 65.30%; dominant detectable trees: 80.10%) seem positive compared to other 

studies that integrate local maxima filters. Tiede et al. [56] located 51% of all, and 72.2% of the 

dominant trees by using fixed local maxima filter in natural or near-natural forest conditions; Monnety 

and Chanussotz [38] located less in a mixed forest (42%). The actual number of trees was slightly 

underestimated when comparing the number of reference trees (98) with the LiDAR-acquired trees 

(93). To the 98 reference trees, 64 detected trees could be assigned and in nine of these trees two or 

three local maxima instead of one were detected, resulting in a detection of 12 false trees. These 

overestimations were probably a result of rough canopy conditions caused by irregular crown shapes 

and bifurcations. As a result, the local maxima filter detected two or more peaks [57–59]. An increase 

of the moving window size could not prevent overestimations. In general, a wrong location seems to 

be less dependent of the area (park, avenue, backyard, streets) than of the site-specific conditions. 

Isolated trees could be detected with high accuracy, which is likely the main reason for the good 

overall detection result, and thus indicates the algorithm is suitable for urban applications. Although 

the validation results in the backyard Krausnickpark has been positive, non-dominant trees in dense 

stocks and located near rooftops are likely to be overlooked by the local maxima algorithm in several 

locations of the study transect [12]. These are probably the main reasons for the high underestimations 

of the reference trees in park groves and backyards and the overall underestimation of 17 trees  

(93 detected trees − (64 assigned trees + 12 false trees) = 17 trees). To improve the filter results, higher 
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resolution airborne LiDAR data which increase the closeness of the CHM should be tested in future 

investigations; it is expected that this approach will enhance the localization.  

Due to the lack of in-situ reference values for tree height, the results were related to former studies 

using the same approach that has found an average deviation of about 1.00 m by using the flexible 

filter matrix [60]. Potential problems measuring height may be the result of mixed pixels, which combine 

spectral information of small tree crowns with the height information of neighboring rooftops [15,61], 

and possible false measurements due to disturbed reflection caused by free spaces in the canopy [20,62]. 

Particularly in non-continuous data, the probability is relatively high that the top of a tree is not “hit” 

by a laser pulse [59]. This problem is amplified by the foliage condition of the airborne LiDAR data, 

since the probability of laser pulses penetrating the intermediate region of the branches is higher than 

in the leafy state [63]. Airborne LiDAR data in leafy conditions, together with additional delineation 

data (e.g., cadastral data), may improve tree masking and reflectance conditions. The function for 

calculating tree crown diameter is a new method [47] and has not yet been applied in urban studies. For 

the present research this approach seems reasonable because it delivers the necessary diameter values for 

calculating BHD, as opposed to the normally applied watershed segmentation [16,37,64,65]. Popescu, 

Wynne and Nelson [27] used a similar method and calculated the crown diameter using the average of 

the extreme values of two 4th degree polynomials and the local minima. As a result, they received an 

average crown diameter of 5.26 m, which is similar to the average crown diameter (Ø = 4.39 m) 

calculated in this study. Nevertheless, urban applications of McGaughey’s approach will require 

further application to derive comparable results.  

Concerning the stem diameter, a correcting factor had to be applied because no urban constants 

were available to complete the previous allometric calculation, according to Zhao, Popescu and  

Nelson [40]. It is likely that the differences between calculated and measured stem diameter are a 

result of the generalized derivation of the crown base height. The generalization of the individual 

crown base height very likely results in a false value on the individual tree level, but seems more 

reasonable on the transect level, including applicability for various tree sizes.  

The results for carbon storage at the individual tree level for the transect (270 kg/tree) are 

comparable to results from other studies (Table 4). For instance, urban trees in Los Angeles store an 

average of 329 kg/tree, and in Sacramento 178 kg/tree [66]. Value differences result from varying 

stock densities, research scales (above-ground carbon content to entire vegetation stock), and different 

assessment methods. The rather low carbon density of Berlin (13.70 t/ha in transect and 11.53 t/ha for 

the extrapolated area) is related to the missing storage values for urban forests, which cover an area of 

18.3% (163 km2) of the urban area [67]. As this approach was focused on the storage amount and 

distribution of a typical urban area and also as airborne LiDAR data were not available for the forest 

areas, the study was limited to Berlin’s urban area. Similar to the calculation of stem diameters, 

compromises in the biomass/carbon calculations must be made due to the missing constants generated 

on the species-level, as well as for mid-European climate and urban conditions. Shapes of urban trees 

may be modified by urban-specific growth conditions such as different nutrient and water availability, 

light conditions, pollutants and pruning [68,69]. These terms particularly apply to street trees, which 

occur in 21.88% of the study transect. To increase the comparability between the listed cities in  

Table 4 it is important to include below-ground carbon assessments in future studies. This calculation 
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was excluded in this study to avoid inaccuracies that would likely increase as a result of modeling 

below-ground carbon stocks without in-depth knowledge about single trees. 

Table 4. Differences in above- and below-ground carbon density of urban trees between 

cities in Europa, Asia and North America. 

City 
Carbon Density 

(t/ha) 
Carbon Storage Reference 

Berlin, GER 
13.70 in transect/ 

11.53 in 
extrapolation 

Above-ground in trees This study 

Karlsruhe, GER 32.30 Above-ground in trees Kändler, Adler and Hellbach [2] 
Leipzig, GER 11.80  Above-ground in trees Strohbach and Haase [8] 

Barcelona, ESP 11.20 Above- and below-ground in trees Chaparro and Terradas [70] 

Leicester, GBR 31.60 Above-ground in vegetation 
Davies, Edmondson, Heinemeyer, 

Eake and Gaston [7] 
Atlanta, US 35.74 σ 2.69 Above- and below-ground in trees Nowak and Crane [5] 

Baltimore, US 25.28 σ 3.16 Above- and below-ground in trees Nowak and Crane [5] 
Chicago, US 14,10 σ 2.14 Above- and below-ground in trees Nowak and Crane [5] 

Jersey City, US 5.02 σ 0.68 Above- and below-ground in trees Nowak and Crane [5] 
New York, US 15.33 σ 1.89 Above- and below-ground in trees Nowak and Crane [5] 
Sacramento, US 46.91 σ 22.64 Above- and below-ground in trees McPherson, et al. [71] 
Shenyang, CHN 33.22 σ 4.32 Above-ground in trees Liu and Li [10] 
Beijing, CHN 43.70 σ 6.65 Above- and below-ground in trees Yang, et al. [72] 

Until now, only few studies have assessed carbon storage and its distribution in urban trees for 

European cities using a fully automated approach. Similar to Strohbach and Haase [8], Radford and 

James [33], and Hutyra, Yoon and Alberti [6] identified a general increase of carbon storage with 

greater distance to the urban core. Figure 4 reveals that this conclusion can be transferred to the entire 

urban area with regard to the same exceptions concerning the green spaces. The influence of tree 

height on carbon storage is evident compared to stock and carbon density and emphasize the benefits 

of a 3D-based approach. The tree height values differ widely for the streets and the structural types of 

1920s–1930s block-edge and row development, low buildings with yards and postwar high-rise 

developments. The significance of the distribution patterns has to be evaluated in the context of the 

following potential methodological error. By assuming the same composition of tree species in the 

entire urban area, the carbon content of certain areas is probably wrongly estimated. The knowledge of 

the species distribution and the derivation of allometric constants for urban areas are essential for a 

more accurate analysis. In addition, currently or formerly used airports are also included in the 

structure unit of green space due to structural unifications; their carbon storage is much lower than the 

average storage of this unit. Further on, especially in the urban structure unit of the late 19th-century 

with trees close to dense building designs, overestimations caused by neighboring rooftops are likely to 

be present.  

Even though there are several limitations, most of which are caused by the urban surrounding, 

heterogeneous vertical structures and the lack of localized constants, our approach demonstrates the 
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usability of a remote sensing-based approach to identify dendrometric parameters in urban areas and to 

obtain an initial estimation concerning the amount and distribution of carbon storage.  

5. Conclusions 

This study is one of the few to date that combines remote sensing methods using a combination of 

airborne LiDAR and QuickBird imagery data with additional field data both to assess above-ground 

tree carbon storage and to identify patterns of distribution between structure types within a large urban 

transect. An iterative workflow was used by isolating urban trees, deriving dendrometric parameters at 

the individual-tree level, calculating carbon storage, and dividing the results into single structure units. 

The results of this case study demonstrate the usability of a remote sensing-based approach using 

forestry methods to assess carbon amounts in metropolitan conditions. A high degree of accuracy was 

attained by deriving tree location and number, with accuracies between 60% and 70%. The best results 

were achieved for dominant trees (70%–90%) and for isolated trees located far away from surrounding 

objects. Data-related underestimations and overestimations were likely a result of taller trees covering 

smaller ones, irregular canopy structures, and spectral mixture with neighbored artificial objects. This 

study also reveals great differences in carbon storage between different structural units in Berlin. The 

carbon storage of green spaces, block-edge and row developments from the 1920s and 1930s, as well 

as low buildings with yards, is higher than the carbon storage of structural types with predominantly 

commercial, service, trade, and industrial use. This study showed a similar distribution of the tree 

carbon storage on private and public property within the study corridor and the entire urban area of 

Berlin, excluding the forested and agricultural used surfaces. Extrapolating the values within the study 

transect to the entire city level is an initial assessment of real conditions, which can be measured more 

accurately by single tree storage assessment using airborne LiDAR data on the entire city level. In 

order to accomplish this and to compare the whole tree carbon storage value of Berlinto other cities, 

airborne LiDAR data for the entire area of Berlin needs to be acquired. For future assessments, it is of 

great importance to develop automated methods for identifying tree species to derive city-specific, 

mid-European allometric equations for the calculation of individual stem diameter and carbon storage.  
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