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Abstract: This paper presents an approach to detecting patterns in a three-dimensional context, 

emphasizing the role played by the local geometry of the surface model. The core of the associated 

algorithm is represented by the cosine similarity computed to sub-matrices of regularly gridded 

digital surface/canopy models. We developed an accompanying software instrument compatible 

with a GIS environment which allows, as inputs, locations in the surface/canopy model based on 

field data, pre-defined geometric shapes, or their combination. We exemplified the approach for a 

study case dealing with the locations of scattered trees and shrubs previously identified in the field 

in two study sites. We found that the variation in the pairwise similarities between the trees is better 

explained by the computation of slopes. Furthermore, we considered a pre-defined shape, the 

Mexican Hat wavelet. Its geometry is controlled by a single number, for which we found ranges of 

best fit between the shapes and the actual trees. Finally, a suitable combination of parameters made 

it possible to determine the potential locations of scattered trees. The accuracy of detection was equal 

to 77.9% and 89.5% in the two study sites considered. Moreover, a visual check based on 

orthophotomaps confirmed the reliability of the outcomes. 

Keywords: 3D pattern; digital surface model; wavelets; canopy 3D metric; LiDAR 

 

1. Introduction 

Nowadays, high resolution data encapsulating information regarding the vertical structure, 

such as elevation, surface, or canopy models derived from point clouds, have become more and more 

accessible. This calls for methods relying on 3D data and for suitable 3D approaches [1] enabling the 

detection of fine-scale landscape or vegetation patterns [2]. Such methods can complement state-of-

the-art methods of vegetation classification [3,4] or can be used in a synergistic manner, such as the 

techniques of fusing LiDAR (Light Detection and Ranging) and multispectral imagery [5,6]. The 3D 

framework makes it possible to separate bare ground and canopy from LiDAR [7] and to explore 

characteristics of the vertical structure of the canopy cover [8] that were neglected for a long time. 

Thus, various canopy metrics related to the three-dimensional vegetation structure were brought to 

our attention: canopy height [9] and crown dimensions [10], the number of trees and tree heights [11], 

the dendrometric parameters of species [12], or comprehensive sets of forest stand structural 

parameters [13]. Moreover, such canopy metrics were applied to the classification of the vegetation 
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structure [14]. Another application of the 3D approach was the automatic or semi-automatic detection 

of specific vegetation features [15] regarded as structural elements of the three-dimensional 

vegetation cover [16]. The methods based on the three-dimensional representation can be used in a 

complementary manner, since their performances depend on the type of forest under consideration 

[17,18]. 

There are other problems related to vegetation features that might be addressed in the 3D 

framework. They refer to important small-scale landscape elements [19] such as shelterbelt trees, 

hedgerows, or scattered trees. The latter are prominent landscape features [20] and represent a 

defining element of specific vegetation mosaics [21]. Moreover, they play a key role in the provision 

of ecosystem services and therefore represent a vegetation feature that should be taken into account 

for future landscape design strategies [22]. In this context, the identification of scattered trees from 

remote sensing data could be useful for foresters, managers, and landscape planners. On the other 

hand, by taking into account the scale at which they occur, a reliable approach could be based on 

high resolution data encompassing the vertical structure, such as high-resolution canopy height 

models [23].  

The identification of vegetation elements by using the 3D geospatial approach could be, in turn, 

linked to landscape ecological topics such as ecological connectivity, since isolated trees could 

contribute to a more functional connectivity [24]. For instance, in vegetation mosaics such as wood-

pasture landscapes, the scattered trees or the small forest patches provide food resources and 

facilitate the interconnectivity of the habitats for various species [25,26]. On the other hand, recent 

studies highlighted that for vegetation mosaics with a variable canopy height, the three-dimensional 

framework makes it possible to speak about the 3D ecological connectivity which augments the one 

relying on standard two-dimensional data, since it also refers to the structure of the vegetation strata 

[27]. 

Many approaches to identifying landscape or vegetation features in 3D data rely on the use of 

statistical tools [12,13] or include a pixel-centered approach suitable for the two-dimensional set-up 

[15]. Although very effective and efficient, such methods pay less attention to the 3D geometry of the 

objects of interest. We propose an approach that could enhance the existing ones by regarding the 

regular grids as discrete signals, reformulating the problem of identifying specific 3D patterns as a 

pattern recognition task and transferring approaches of this field or of related disciplines such as 

image or signal processing. For instance, multiresolution analysis is a technique for image processing, 

decomposition, and representation that analyzes the image data at different resolutions or scales 

without losing information [28]. The signals can be considered in the discrete domain as sequences, 

or in the continuous domain as functions [29]. The interplay between continuous and discrete is 

important, since through a discretization process, techniques stemming from the theory of 

continuous signals could be applied to the discrete ones. An example is provided by the wavelets, 

which are multi-resolution analysis tools that have emerged as an important tool for signal processing 

applications [30]. Wavelet methods have been successfully used in the fine scale analysis of a wide 

range of ecological phenomena [31,32], including landscape pattern and heterogeneity studies [33–

36], ecological modelling [37–39], species ecology [40–42], and environment analyses [43–46]. 

Wavelets come in various shapes; in consequence, each type is useful in analyzing particular 

data features. In ecological applications, the best known are the Haar wavelet, used for boundary 

detection [47,48], and the Mexican Hat wavelet. The latter represents a very appealing shape due to 

its resemblance to a tree, since it has a single central peak and symmetric lateral sides. In reality 

though, trees often have very disparate shapes and cannot perfectly match a symmetric pre-defined 

model. One workaround for addressing this issue is the possibility of varying the shape of the 

Mexican Hat wavelet by adapting the dilation coefficient that controls its geometry and the window 

size in order to better approximate the tree shape. In this context, the Mexican Hat wavelet has 

already been used for landscape feature extraction, such as trees [39,49–51] or pattern analysis [35]. 

There is still a need to understand how the tree shapes and the geometry of the Mexican Hat can be 

linked when considering the vertical structure of the vegetation encapsulated in a surface or canopy 

model. For instance, one would need approaches that make this relationship independent of the use 
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of alternative data, such as canopy models or surface models. Moreover, to the best of our knowledge, 

there is still a lack of a software tool compatible with standard GIS software that enables the automatic 

detection of pre-defined shapes, such as the Mexican Hat wavelet. 

The analyses in this study were conducted under the assumption that shapes derived from high 

resolution digital surface/canopy height models can represent a proxy for vegetation patterns at a 

fine scale. The main research objective was to detect scattered trees by using the Mexican Hat wavelet 

as a geometric model. A subsidiary objective was to develop a software instrument compatible with 

standard GIS software, having as its main function the comparison between shapes or the detection 

of a pre-defined shape, such as the one described by the Mexican Hat wavelet or by other pre-defined 

geometric models. 

2. Materials and Methods  

2.1. Theoretical Background 

2.1.1. Signals, Convolution and Cosine Similarity 

A regularly gridded digital surface/canopy model can be regarded as a matrix with real entries. 

Formally, this represents a function defined over a finite subset of Z2, where Z denotes the set of 

integers. This characterization leads us tacitly to an alternative approach, namely to interpret a digital 

model as a 2D discrete signal. This makes it possible to apply tools used in signal processing theory 

for analyzing and processing surface/canopy models. In this section, we provide details on two such 

tools, namely the convolution operation and the cosine similarity technique. 

Let s and f be two 2D discrete signals. One assumes that they are defined over the entire set Z2, 

but they have a finite support, i.e., they are equal to zero outside a finite set. The convolution of s and 

f is a new signal, denoted by s*f. Its value for a pair of integers [i, j] is given by the formula (e.g., [52]) 

(� ∗ �)[�, �] = � �[� − ��, � − ��]�[��, ��].                   (1)

��,��∈�

 

Although formally infinite, the sum in (1) makes sense due to the hypothesis that the signals have a 

finite support. Two interpretations are possible for the formula above.  

The first one is to consider s as a signal to be processed and f as a fixed “prototype” signal—the 

filter. When the indices i and j run over Z, the signal s*f defined by Formula (1) is obtained through a 

moving window approach; the filter f slides along the rows and columns of s and the value of s*f at 

[i, j] is obtained by multiplying the corresponding values of the signal and of the filter and then by 

adding the products. 

The second interpretation is to regard the sum in Formula (1) as a dot product between two 

vectors naturally obtained from s and f. Motivated by the relationship between the convolution and 

dot product, let us recall another facet of the signal processing approach, namely the cosine 

similarity—a basic metric widely used in pattern recognition (e.g., [53]). Assume that A1 and A2 are 

two matrices of the same size, say r×c, and let v1 and v2 be the r·c row vectors obtained by the naturally 

joining the rows of A1 and A2, respectively. The similarity between A1 and A2 is measured by the 

cosine between the vectors v1 and v2, namely, 

cos(�� , ��) =
�� • ��

‖��‖‖��‖
,                                (2) 

where �� • �� is the dot product of the vectors v1 and v2 and ‖��‖, ‖��‖ are the corresponding norms. 

The similarity can therefore range from –1 to 1, with the values close to 1 indicating a good match 

between the matrices compared. Putting it all together, by using a moving window approach in 

which a suitable filter slides across the data sequence, one can compute a numerical quantity 

indicating the amount of overlap between the window and the data, so that a high value is obtained 

where the filter shape matches the data sequence and a low one where there is a mismatch. 

Let us finally notice that one can transform the matrices before determining their similarity in a 

pre-processing step. The reasoning behind this change is the following. One aims to compare and to 

identify shapes in a surface/canopy model. The characteristics of a shape might be reflected not only 

by the actual z-values of the models, but also by their variation. Therefore, we considered four 
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transformations that were called pre-processing transformations and labelled T1, T2, T3 and T4 as 

follows. 

 Pre-processing Transformation 1 (T1). No transformation. One works directly on the input 

matrix without performing any change. 

 Pre-processing Transformation 2 (T2). Local translation. Given a matrix, one subtracts its 

minimum value from each entry, thus getting a new matrix with a minimum equal to zero. Being 

a translation, this transformation preserves the relative differences between the entries of the 

matrix (z-values) but induces a change in the magnitude.  

 Pre-processing Transformation 3 (T3). Compute slopes towards center. For each matrix, one 

computes slopes towards the center as ratios between a suitable z-values difference and the size 

of the cell. This transformation actually provides a matrix whose entries reflect the first order 

variation in the z-values along the directions of the regular grid.  

 Pre-processing Transformation 4 (T4). Compute slopes (as for Pre-processing Transformation 

T3) and then perform a local translation (as for Pre-processing Transformation T2). This is a 

combined transformation. Since the values of the slopes are translated, only their variation, i.e., 

the second order variation in the z-values, is invariant under this transformation. 

2.1.2. Wavelets 

Choosing a suitable convolution filter f in Formula (1) is a key issue in problems related to signal 

processing. A possible option is represented by the wavelets, which are families of functions 

generated by one single “prototype” function or “wavelet mother” by operations of translation and 

dilation (e.g., [54]). The choice of an appropriate prototype wavelet depends on the problem under 

investigation [55]. Therefore, motivated by previous work [43] and by its resemblance to the shape of 

a coniferous tree, we considered the two-dimensional Mexican Hat wavelet (the Ricker wavelet). The 

prototype wavelet ψ and the wavelet ψσ corresponding to a dilation factor σ are given by the formulas 

[56,57]: 

 

�(�, �) = (1 − �� − ��)��
�����

� ;  ��(�, �) =
1

√�
� �

1

�
(�, �)�,              (3) 

 

for any pair (x, y). The relationship between the dilation factor σ and the shape of the Mexican Hat 

wavelet is illustrated for the 1-dimensional case in Figure 1a and can be easily transferred to the 2-

dimensional case due to the circular symmetry (Figure 1b). 

 

 
                           (a)                                  (b) 

Figure 1. (a) The dilation coefficient σ and the geometry of the Mexican Hat wavelet for the 1-

dimensional case. (b) 3D view of a 2-dimensional Mexican Hat wavelet. 

Since we handled discrete signals, we considered discretized versions (e.g., [30]) of the 

continuous wavelets indicated above. More precisely, for an odd natural number m and for a scaling 

factor σ, we generated a m × m matrix fm,σ by means of a regular sampling procedure, so that the value 
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at the central cell of the matrix is ψσ (0, 0). Formally, considering rows and columns as corresponding 

to the y-coordinate and to the x-coordinate, respectively, we defined the filter fm,σ by the formula: 

 

 ��,�[�, �] = �� �� −
� + 1

2
,
� + 1

2
− ��.                               (4) 

 

2.2. Study Approach and Software Development  

The overall concept of the software tool (available from https://github.com/CeLTIS-

UB/WaveletsTool) is described in Figure 2. As indicated in the diagram, the basic input data is a 

surface/canopy model in raster format. The cell size also needs to be indicated. 

Approaches: use of field observations and pre-defined shapes. For developing the functionalities of the 

software tool, we took into account the fact that there are two different types of data to deal with in 

order to perform shape comparisons. The first refers to locations derived from field observations. 

Specifically, one assumes that field data collected with a GPS device were transferred to the GIS 

environment, making it possible to indicate the positions of the field observations as cells of the 

surface/canopy model. In the following, the positions of the observations are called locations in the 

surface/canopy model (in the study case described later in this paper, these were tree locations). The 

second type of data is a pre-defined shape generated by a suitable algorithm. The instrument allows 

choosing between the Mexican Hat wavelet (used throughout the study) described in Section 2.1.2, 

and a filter customized by the user. For the latter choice, the values of the filters need to be provided 

in files and they can be uploaded from a local folder. Therefore, we implemented three possible 

approaches (denoted by A1, A2, A3). These approaches combine the two data sources and represent 

the potential stages of an entire workflow. Firstly (in approach A1), one handles only locations 

derived from the field observations for choosing a suitable pre-processing transformation or for 

comparing the available surface/canopy models of the site. Then (in approach A2), one calibrates the 

pre-defined geometric shape by measuring its similarity with the true vegetation or landscape 

patterns available from the field observations. Finally (in approach A3), by using the outcomes of the 

previous stages, one seeks the occurrence of the pre-defined shape in the entire surface/canopy 

model. 

The choice of the approach is suitably indicated in the graphical user interface and requires 

setting appropriate parameters. Common to all approaches is the size d of the (sub-)matrices to be 

compared. For the approaches relying on locations, one has to load a shape file from which the 

instrument automatically derives the locations in the surface/canopy model. If, in the approaches 

involving a pre-defined shape, the user chooses to work with the Mexican Hat wavelet, the tool 

allows a choice for the dilation factor σ from among an entire set of values equidistantly distributed; 

the minimal and the maximal values, together with the step, have to be filled in in the graphical user 

interface. We now briefly provide a description of the three approaches. 

 The first approach (A1) relies only on locations in the surface/canopy model. It enables pairwise 

comparisons of sub-matrices centered at cells of the surface/canopy model corresponding to the 

locations identified in the field. In this case, the output is a square matrix whose entries are the 

similarities values corresponding to all the pairs of locations. 

 The second approach (A2) combines the work with locations in the surface/canopy model and 

with a pre-defined shape or with a whole family of pre-defined shapes, as described above. It 

makes it possible to compare sub-matrices of the surface/canopy model corresponding to true 

terrain shapes with the pre-defined geometric form. The output for this approach is a table with 

the similarity values; the rows correspond to the locations and the columns correspond to the 

different shapes considered—the values of the dilation factor σ in the case of the Mexican Hat. 
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Figure 2. Concept of the software instrument. The white blocks represent data provided by the user 

or choices to be made before running the instrument. For each of the three approaches (A1, A2, A3) 

chosen in the “Approach” block, a suitable output is provided. The pre-processing transformations 

are coded T1, T2, T3, and T4. 

 The third approach (A3) uses only a pre-defined shape besides the surface/canopy model. It 

seeks to identify the occurrence of the chosen geometric form in the entire surface/canopy model. 

For a fixed pre-defined shape, the output is a table that corresponds to the similarity values. If 

one considers a whole family of pre-defined shapes, then the tables are saved separately. 

The output can be saved in standard file formats so that it can be used for subsequent analyses. 

Independent of the approach, the core part is the computation of similarity between matrices, by 

using the mechanism indicated in Section 2.1.1. As described in Section 2.1.1, there are four options 

for transforming the matrices in a pre-processing step (the transformations T1, T2, T3, and T4; also 

see Figure 2). Once chosen for a run session, the methods act on every input matrix. Depending on 

the choices made by the user, in the computational block of the instrument the appropriate data is 

selected and suitable computations are performed. 

Instrument development. The accompanying software tool was developed in two variants, one in 

Esri’s ArcGIS Platform as a geoprocessing tool, and the other using only Opensource libraries. We 

used Python as the scripting language. The instrument’s back-end is common for both versions and 

uses NumPy, SciPy, and Pandas libraries for the main matrix processing, data handling, and other 

mathematical computations. The front-end (GUI) part was implemented differently. The GUI for the 

Esri version depends on the software environment settings of ArcMap or ArcGIS Pro desktop 
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applications. Methods from the ArcPy library were used for the vector data analysis and raster format 

conversions. This version works in both Python 2 and 3 without the need to perform any script 

adjustments. The Opensource version of the GUI is built using the Tkinter library and uses 

GDAL/OGR (Geospatial Data Abstraction Library) for raster conversion and vector data analysis. 

This version only works for Python 3 and can be easily deployed using the Conda environment 

created for this purpose. The output differs according to the processing approach chosen but consists 

of CSV (comma-separated values) tables or raster files. 

2.3. Study Area 

The study area (Figure 3a) was located in the Fundata commune (Rucăr-Bran Passageway, 

Romanian Southern Carpathians), Brașov county, at the approximate coordinates 45°25’52”N 

latitude, 25°15’35”E longitude. The terrain follows a couloir shape with moderate slopes, small 

limestone outcrops, and altitudes that vary between 1290m and1350m. Tree species present at the site 

are mostly Norway spruce (Picea abies) and European beech (Fagus sylvatica). The tree height varies 

between 2 and 20m. Small bushes of juniper (Juniper communis) with a maximum height of 3m are 

also present. 

      

                (a)                                           (b)   

Figure 3. (a) Location of the study area in the Romanian Carpathians; (b) Orthophotomaps of the four 

sites selected (left sites 1 and 2, right sites R1 and R2). In sites 1 and 2, the locations of the trees/shrubs 

identified in the field are represented. 

Inside the study area we considered four distinct sites (Figure 3b). The sites had the 

characteristics of a wood pasture, the vegetation cover being a mixture of grass, shrubs, and groups 

of trees. The first two sites were labelled as Site 1 (with a surface of 16ha) and Site 2 (with a surface 

of 9ha). We focused on two types of vegetation features, namely, in Site 1, we identified 77 coniferous 

trees with heights ranging from 1 to 25m, and in Site 2 we identified 95 juniper shrubs with heights 

ranging from 0.5 to 3m. For each tree/shrub we recorded in the field the location, the tree species 

(coniferous, deciduous, or juniper), and if the tree was singular or clumped together with other trees 

forming groups. In order to mark the locations of the vegetation features in the field, we used a 

Garmin 76 GPS device with a 3m ground accuracy and recorded the locations in a WGS84 coordinate 

system. We encountered small issues when recording the locations of the trees because we could not 

place the GPS in a perpendicular direction to the top of the tall trees or some of the juniper ones, so 

we acquired the locations by placing the GPS device as close as possible to the features, either tangent 

to the tree trunks or above the juniper shrubs where possible. Acknowledging the GPS error of ±3m, 

as a pre-processing step the GPS locations recorded in the field were then corrected manually in 

ArcGIS. Thus, the top of the trees was set by automatically moving the locations to the maximum 

local value found in the surface/canopy model. This “move to maximum” pre-processing step was 

also included in the software tool as an option to automatically correct these general GPS placement 

errors and to ensure the reproducibility of the research. The third site (with a surface of 16ha) and the 

fourth site (with a surface of 20ha), labelled as Site R1 and Site R2, respectively, were selected for 

validation. They had a similar vegetation cover, but the pattern was more varied: for instance, one 
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can notice the hedges in the northern half of the site R2. For these sites, no data regarding the location 

of vegetation features was collected in the field. 

2.4. Data 

A high-resolution LiDAR point cloud was acquired for a larger surface including the study area, 

through an aerial survey carried out by the company Primul Meridian in autumn 2013. The data was 

collected with a Riegl LMS-Q560 scanner, and it was post-processed with the Riegl specific software 

tools. The company classified the points in the cloud as ground, vegetation, and other classes (e.g., 

buildings, haystacks, other constructions) by using the TerraScan software. They provided the point 

cloud, with an average point density of 22.5 points/m2, in the LiDAR Data Exchange Format (LAS) 

format. We further processed the point cloud using the tools of the ArcGIS 10.1 software. We 

generated two regular grids both with a cell size equal to 1m: the Digital Surface Model (DSM) and 

the Canopy Height Model (CHM). The choice of the cell size was made as a trade-off between the 

original data density and the need to compare the surface/canopy models with a smooth shape (the 

Mexican Hat wavelet). Thus, the size of the cell was set to be equal to 1m, which is a resolution that 

suitably defines scattered trees at landscape level, while higher resolutions would have revealed 

patterns we were not interested in. This choice also matched the range of crown diameter to cell size 

(between 3:1 and 19:1) suggested in [58]; for the vegetation features in Sites 1 and 2, the ratio was 

equal to 10:1 and to 3:1, respectively.  

The DSM was generated by using the points classified as vegetation. The CHM was derived as 

the raster difference between the DSM and the terrain model. The latter was generated from the 

ground points by taking into account the last returns of the LiDAR pulses. For generating the grids, 

we selected the natural neighbor interpolation method with ground belonging to the DSM [59]. This 

choice was in line with recent studies [60], proving that this interpolation method yields the most 

accurate models. Finally, we clipped regular grids corresponding to Sites 1 and 2 from the CHM and 

the DSM. The GPS point locations of the trees obtained in situ with the GPS device were transferred 

to the GIS environment and were linked to the geodatabase of the study site. 

2.5. Study Design 

The study included three stages related to the three approaches (A1, A2, A3) described in Section 

2.2., thus combining data collected in situ with the use of pre-defined shapes, namely the Mexican 

Hat wavelets. We firstly explored the relationship between the pre-processing transformations that 

can be applied to the data before computing the similarity. Secondly, we investigated to what extent 

the geometric shape of the Mexican Hat can be considered as a proxy for identifying vegetation 

features such as isolated trees. Finally, we estimated the potential location of scattered trees by taking 

advantage of their resemblance to the pre-defined geometric shape. 

2.5.1. Exploratory Analysis: Comparisons of the Pre-Processing Transformations and of Surface 

Versus Canopy Height Models 

Computation of similarities: When choosing the approach A1, the output of a run session is 

represented by a square matrix having, as entries, the similarities between sub-matrices centered at 

locations in the surface/canopy model used as inputs. In the following, the locations are chosen to 

correspond to the vegetation features identified in the field. We used the approach A1 for comparing 

the four pre-processing transformations (T1, …, T4) described in Section 2.1.1 as well as the use of the 

Canopy Height Model (CHM) versus the use of the Digital Surface Model (DSM). The aim was to 

understand whether the similarities corresponding to the various choices were correlated or whether 

any one of the possible choices better reflected the data variability and, consequently, the differences 

between the shapes of the vegetation features. 

Let us first recall that one needs to choose a value d, indicating the dimension of the square sub-

matrix clipped from the surface/canopy model around the locations (see Section 2.2 and Figure 2). 

We considered three values, namely d = 3, d = 5, and d = 7, so that the sub-matrices clipped were 
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compatible with the expected size of the tree (recall that the cell size of the regular grids considered 

was equal to 1m). For a fixed size d, the choice of a pre-processing transformation and the use of CHM 

or DSM thus yielded eight possible combinations, coded as CHM_T1, …, CHM_T4 and DSM_T1, …, 

DSM_T4. For each size and for each of the eight combinations, we separately ran the software tool 

developed. Since the similarity matrices were symmetric, we retained only their lower parts and we 

transformed them into vectors. Altogether, for each site and for each size d, we obtained eight vectors 

of values, corresponding to the eight combinations described above. 

Principal Component Analysis: We explored the variability of the data in the vectors of similarities 

and how the various choices were related to this variability by using standard multi-variate statistics. 

Specifically, for each site and for each size d, we applied a Principal Component Analysis (PCA) by 

following the methodology in [61]. The quantitative descriptors (variables) were the eight 

combinations yielded by the four pre-processing transformations and the choice of the DSM/CHM as 

the data source. The input data (observations) were the values of the vectors of the similarities 

previously computed. The goal of the PCA was to reduce the dimensionality of the data and to find 

new coordinates that were meaningful with respect to the data variability—the principal 

components. We used suitable functions of the MATLAB scientific software and we determined the 

variability explained by the new coordinates and the projections of the original descriptors on the 

principal components (the loadings). For a visual interpretation, we generated biplots with the 

descriptors, the principal components, and the projections of the objects. As a goodness-of-fit 

measure, we computed the correlation between (i) the distances between the original objects and (ii) 

the distances between the projections of the objects in the plane determined by the first two principal 

components.  

2.5.2. Accuracy Assessment  

For the second approach A2, we used the pre-defined shape implicitly provided by the 

instrument, namely the Mexican Hat wavelet (recall that the shape of a Mexican Hat was controlled 

by the dilation factor σ) and the true vegetation features identified in situ. We followed two tracks: 

(i) to estimate the best matching dilation factors and (ii) to find a threshold for the similarity values 

corresponding to the tree locations. 

Best matching dilation factor: We considered the vegetation features identified in the field, and for 

each feature we sought the value of the dilation factor σ yielding the best matching Mexican Hat 

wavelet. For each site, we ran the software tool by choosing for the dilation factor the range [0.0, 5.0] 

with steps of 0.01. The maximal value 5.0 was selected after a preliminary assessment of the behavior 

of the Mexican Hat wavelet and by analyzing the variation in the similarity values for several 

individual features (Supplementary Material, Figure S1). The choice of a reference model and a 

suitable pre-processing transformation was made by taking into account the outcomes of the 

exploratory statistical analyses. We again considered three possible sizes for the matrices to be 

compared, namely d = 3, 5, 7, which means that we chose m=3, 5, 7 in Formula (4). Then, for each d 

and for every vegetation feature (tree/shrub), we selected the best matching dilation factor, which 

was the value of σ for whichever one obtained a higher similarity value with the matrix clipped 

around the feature. 

Threshold for the similarity values corresponding to tree locations: The natural patterns were not 

perfectly regular and therefore it was hard to find a perfect similarity between a vegetation feature 

and a Mexican Hat wavelet. It was therefore natural to seek a threshold value t, so that a similarity 

above this threshold between a surface/canopy model sub-matrix around a given location and a 

Mexican Hat wavelet would indicate that the location corresponded to a scattered tree. To find a 

suitable value of t, we proceeded as follows. We regarded the tree detection as a typical 

presence/absence problem [62]. In Site 1 and Site 2 (where field observations were available), we 

considered locations in the surface/canopy model labelled as “trees” and ”non-trees”, respectively. 

The former corresponded to the scattered trees identified in the field. For the latter, we manually 

mapped locations corresponding to the ground or other features, such as non-isolated trees in a forest. 

In Site 1, we considered 150 samples of locations (77 trees and 73 non-trees), and in Site 2 we chose 



ISPRS Int. J. Geo-Inf. 2020, 9, 298 10 of 21 

 

200 samples (95 trees and 105 non-trees). The size d of the window was successively selected to be 

equal to 3, 5, and 7 for Site 1. For Site 2, the size d was set to be 3 and 5, since in this site the vegetation 

features (juniper shrubs) had a smaller spatial extent. For each d, we again applied Formula (4) by 

putting m=d and by selecting the dilation factor σ to range in the interval 0.1–5.0, thus getting 

similarity values for the chosen locations. For the threshold t, we classified a location as a predicted 

“tree” if, for any size d, there existed a dilation factor σd so that the similarity value corresponding to 

σd was greater than or equal to t (heuristically, this meant that each surface/canopy model sub-matrix 

around the location resembled a certain Mexican Hat wavelet). Otherwise, the location was classified 

as a predicted “non-tree”. We then compared the actual classification (“tree” versus “non-tree”) to 

the predicted one. Thus, for each t we assessed the overall accuracy of the detection [63] as the 

percentage of correctly classified samples (in both categories “tree” and “non-tree”). We also 

computed two indicators widely used in threshold dependent models, namely the percentage of false 

positives (Type I errors/commission errors) and false negatives (Type II errors/omission errors). 

2.5.3. Similarity Values, Simultaneous Matching and Locations of Potential Trees 

In the last step, we illustrated the use of Approach 3 to identify the potential locations of 

scattered trees or shrubs for the four sites. By taking into account the size of the vegetation features 

to be identified, the size d of the moving window was successively selected to be equal to 3, 5, and 7 

for the sites 1 and R1, while for sites 2 and R2 d was selected to be equal to 3 and 5. For each d, we 

applied again Formula (4) by putting m=d and by selecting the dilation factor σ to range in the interval 

0.0–5.0. For each site and for each choice, we obtained a matrix of similarity values. The cells for which 

there was a similarity value above the threshold value determined in the previous step were 

considered to have a value of 1, and the remaining to have a value of 0. Thus, for each d we obtained 

matrices with ones and zeros. We then selected only the entries with a value of one for all sizes, 

indicating a simultaneous matching. Finally, for each site we obtained a matrix of ones and zeros 

with the same size as the surface/canopy model, the ones indicating a potential location of a 

vegetation feature (tree or shrub). 

3. Results 

We now illustrate the use of the software tool in a study case, based on the data described in 

Section 2.3. We considered the three approaches described in the methodology (approaches A1, A2, 

A3), thus combining data collected in situ with the use of pre-defined shapes, namely the Mexican 

Hat wavelets. 

3.1. How Do the Pre-Processing Transformations Influence the Outcomes? 

According to the study design described in Section 2.5, we first computed the similarities for 

sub-matrices clipped around the field locations and applied a Principal Component Analysis for 

understanding the influence of various choices. The cumulated data variability explained by the first 

two components for d = 3, 5, 7 was approximately 88.52%, 74.32%, and 73.77% respectively for Site 1 

and 87.58%, 77.64%, and 75.23% respectively for Site 2 (see Tables 1 and 2). On the other hand, except 

for one case, the percentage of the explained variability corresponding to the third component was 

less than the threshold value of 15.22% [64]. The distances between the original objects and their 

projections in the plane generated by the first two components were well correlated. For Site 1, the 

values of the chosen goodness-of-fit measure were equal to 0.9877 (d = 3), 0.9222 (d = 5), and 0.9246 (d 

= 7), and for Site 2, the values were equal to 0.9819 (d = 3), 0.9543 (d = 5), and 0.9603 (d = 7). Therefore, 

one might conclude that the first two components are relevant for assessing the data variability, and 

that it is meaningful to interpret the original descriptors with respect to the new axes.  
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Table 1. Data variability explained by the first three principal components (PC1, PC2 and PC3) for 

Site 1. 

Size PC1 PC2 PC3 

d = 3 64.87% 23.65% 5.66% 

d = 5 54.61% 19.71% 14.60% 

d = 7 47.91% 25.86% 15.78% 

Table 2. Data variability explained by the first three principal components (PC1, PC2 and PC3) for 

Site 2. 

Size PC1 PC2 PC3 

d = 3 79.42% 8.16% 6.55% 

d = 5 61.64% 16.00% 13.24% 

d = 7 54.39% 20.84% 14.33% 

 

The values of the loadings for all the descriptors can be found in Tables 3 and 4, and the 

corresponding biplots are represented in Figure 4. Visually, the arrows corresponding to the 

transformation T3 are better aligned with the first principal axis. Indeed, in almost all cases (five out 

of six), DSM_T3 had the longest projection on the first component. This result hints that by applying 

the transformation T3 (namely, computing slopes towards the center), one better captures the 

variability of the vegetation features considered. We also notice that for d = 5 and d = 7, the arrow 

associated with transformation T4 is better correlated to the second principal component. Let us recall 

the interpretation of the transformations T3 and T4 and their relationship to the z-values’ variation 

in first order and second order, which in turn could be related to indicators such as slopes and 

curvatures, respectively (e.g. [65]). Thus, we might conclude that such indicators are relevant for 

explaining the variability of the tree shapes. 

The direct use of the z-values (i.e., the application of the identity transformation T1) may impact 

the computed similarity. This can be observed in Figure 4, where T1 (relying directly on the z-values) 

provides weak correlations for the values obtained when working on the CHM compared to the ones 

obtained for the DSM. The other methods have better correlations for the two data sources since, 

before computing the cosine similarity, a (local) transformation is performed, thus eliminating the 

impact of the absolute value. 

Table 3. Projections of the first principal components and the length of the projections for Site 1. 

Size Data Transformation 1st component 2nd component Length 

d = 3 

CHM 

T1 0.1183 0.6524 0.6631 

T2 0.2930 0.5162 0.5935 

T3 0.4185 –0.1367 0.4402 

T4 0.4100 –0.1825 0.4488 

DSM 

T1 0.3022 –0.2986 0.4249 

T2 0.3403 0.3483 0.4870 

T3 0.4196 –0.1273 0.4385 

T4 0.4167 –0.1710 0.4504 

d = 5 

CHM 

T1 0.3911 –0.3358 0.5155 

T2 0.4087 –0.3322 0.5267 

T3 0.4164 0.0476 0.4191 

T4 0.2976 0.5067 0.5877 

DSM 

T1 0.1752 0.3327 0.3680 

T2 0.3479 –0.3647 0.5040 

T3 0.4219 0.0247 0.4226 

 T4 0.3071 0.5230 0.6065 

d = 7 CHM T1 0.4289 –0.2173 0.4808 
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T2 0.4306 –0.2180 0.4826 

T3 0.4543 0.1011 0.4654 

T4 0.1014 0.5870 0.5957 

DSM 

T1 0.2166 0.3071 0.3758 

T2 0.3708 –0.2593 0.4525 

T3 0.4641 0.0810 0.4711 

T4 0.1190 0.6184 0.6297 

 

Table 4. Projections of the first principal components and the length of the projections for Site 2. 

Size. Data Transformation 1st component 2nd component Length 

d = 3 

CHM 

T1 0.3674 –0.3734 0.5239 

T2 0.3676 –0.3749 0.5251 

T3 0.3719 –0.2808 0.4661 

T4 0.3734 –0.2624 0.4564 

DSM 

T1 0.2834 0.4782 0.5559 

T2 0.3350 0.4495 0.5606 

T3 0.3547 0.2450 0.4311 

T4 0.3657 0.2856 0.4640 

d = 5 

CHM 

T1 0.3767 –0.4140 0.5598 

T2 0.3768 –0.4142 0.5599 

T3 0.4072 –0.1273 0.4266 

T4 0.2277 0.5562 0.6010 

DSM 

T1 0.3324 0.1690 0.3729 

T2 0.3320 0.0387 0.3342 

T3 0.4202 –0.0151 0.4205 

 T4 0.3180 0.5488 0.6343 

d = 7 

CHM 

T1 0.4196 –0.1622 0.4498 

T2 0.4195 –0.1622 0.4497 

T3 0.4418 –0.0705 0.4474 

T4 0.0127 0.7039 0.7040 

DSM 

T1 0.3414 0.0465 0.3446 

T2 0.3323 0.1126 0.3508 

T3 0.4485 0.0045 0.4486 

T4 0.1156 0.6574 0.6758 

In the following, we briefly describe a synthetic example, emphasizing the role played by the 

values compared to the effective shape of the matrices compared. We consider a 3 × 3 matrix 

representing a tree selected from Site 1, and we generate an arbitrary shape that hardly resembles a 

tree (e.g., the central value is a local minimum, while for a tree it is expected to be a local maximum). 

Tree:  �
12.38 14.85 15.76
14.85 19.03 17.06
13.24 17.35 14.37

� .                 Shape:  �
15 16 17
13 12 15
17 15 14

�. 

 

However, the cosine similarity as obtained without performing any transformation is rather high 

(equal to 0.98). Let us notice that, by applying the transformations T2, T3, and T4, the values obtained 

are equal to 0.62, –0.87, and 0.57, respectively, and they clearly hint at a weak similarity between the 

tree and the synthetic shape. 
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(a)   

 

 
(b)  

Figure 4. Results of the Principal Component Analysis. The row (a) corresponds to Site 1 and the row 

(b) to Site 2. The codes of the descriptors are obtained from the eight possible choices: four pre-

processing transformations (T1, T2, T3, and T4) and two types of models (Canopy Height Model 

(CHM)—orange arrows; Digital Surface Model (DSM)— magenta arrows). 

In a nutshell, we concluded that the first step enabled us to perform comparisons between 

various transformations could be applied before computing the similarity. For the study case handled 

in the analyses, we found that working on the DSM and performing the transformation T3, 

corresponding to the z-values variation, better reflected the variability of the vegetation features. 

3.2. To What Extent Do Trees Resemble Mexican Hat Wavelets? 

According to the study design, we took into account the comparative analyses between the pre-

processing transformations. We applied the transformation T3 before the comparison of the similarity 

values and chose the DSM as a reference model. The medians of the best matching values for Site 1 

were equal to 0.97, 1.39, and 1.53 for the three selected cell sizes, d = 3, 5, 7, respectively. For the second 

site, these values were 0.77, 0.47, and 0.26, respectively (see Supplementary Material, Tables S1 and 

S2). In Figure 5, we represented in box plots the quartiles corresponding to the best matching dilation 

factors for the two sites. Both from the median values and the graphical representation, one can 

deduce that there is a slight difference between the best matching dilation factors corresponding to 

the coniferous trees and the ones corresponding to the juniper shrubs, which could be due to the 

different 3D shapes of the vegetation features. 
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Figure 5. Box plots of the best matching dilation factors σ corresponding to the vegetation features 

selected in the two sites. 

These outcomes could be put in a relationship with the geometry of the Mexican Hat wavelet 

(Figure 1), as induced by the dilation factor σ; for smaller values of σ, the peak of the graph is higher, 

while the curve is sharper around the center and becomes quickly flat. This difference can be seen 

when comparing the behavior of the best matching values for the two sites when the size of the cell 

increases. Thus, for the site with coniferous trees, the median best matching value and the values 

defining the quartiles have a slight increase, while for the site with juniper shrubs, the opposite 

happens. This behavior could be explained by the different geometric shapes of the shrubs; the 

contour of the vegetation feature indicates a steep decrease around the center combined with flatness 

towards the borders of the clipped sub-matrix. On the other hand, shapes in nature are not necessarily 

regular, therefore artefacts might occur. For instance, some of the trees have an asymmetric shape 

due to natural variation or local environmental factors, are clumped together in small groups, or have 

intertwined canopies; this can be reflected by the z-values in the grid. As shown in Figure 6a on the 

CHM and Figure 6b on the ortophotomap, some isolated trees can form small individual groups that 

present a pronounced asymmetry regarding their shape. Other than that, inherent errors due to the 

measurements or to the interpolation process that transformed the point cloud into a regular grid 

could lead to such asymmetries. Despite the irregularities, we might conclude that the distribution of 

the best matching dilation factors reflects the different vegetation features identified in the two sites. 

 

           
(a)                                 (b) 

Figure 6. Example of tree shape asymmetry in the ortophotomap (a) and CHM (b). 

Threshold for similarity values corresponding to tree locations: The graphical representation (Figure 

7) hints that in the case of Site 1, the best prediction is obtained for the threshold value t=0.7, with an 

overall accuracy of 88.7%, an omission error of 11.3%, and no commission error. For Site 2, the best 

overall accuracy is equal to 77.5%, and it is obtained for the threshold values 0.65 and 0.7. We chose 

the former, since the percentage of true positives is 42.5%, compared to 39.5% for the latter. For this 

threshold value, the omission error is 5% and the commission error is 17.5%. The confusion matrices 

corresponding to the selected threshold values can be found in Tables 5 and 6. Summing up, the 

threshold values 0.7 (for Site 1) and 0.65 (for Site 2) were chosen as reference values for comparing 

locations in the surface/canopy models with the pre-defined geometric shapes considered in the 

study. 
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(a)                                              (b)   

Figure 7. Accuracy of the prediction for the locations in Site 1 (a) and Site 2 (b). The percentage of 

correctly classified locations of false positives and false negatives were computed for values of the 

threshold t running between 0.1 and 1 with steps of 0.05. 

Table 5. Confusion matrix (counts) for 150 locations (labelled as “tree” and “non-tree”) in Site 1. The 

actual classification is compared to the classification predicted by choosing a threshold for the 

similarity value equal to 0.7. 

  Actual 

P
re

d
ic

te
d

 

 Tree Non-tree 

Tree 60 0 

Non-tree 17 73 

 

 

Table 6. Confusion matrix (counts) for 200 locations (labelled as “tree” and “non-tree”) in Site 2. The 

actual classification is compared to the classification predicted by choosing a threshold for the 

similarity value equal to 0.65. 

  Actual 

P
re

d
ic

te
d

 

 Tree Non-tree 

Tree 85 35 

Non-tree 10 70 

 

3.3. How Can One Determine the Locations of Scattered Trees? 

Several choices were necessary in the last stage, and they were determined by the outcomes of 

the previous steps. Thus, we chose the pre-processing transformation T3 (corresponding to the 

slopes) and the DSM as the data source, as indicated by the findings in Section 3.1. The threshold 

value indicating a potential location of a tree was set at 0.7 for Sites 1 and R1, and it was set at 0.65 

for Sites 2 and R2, as indicated by the analyses in Section 3.2. 

For the sites 1, 2, R1, and R2, we found 1079, 2723, 1107, and 5331 potential tree locations, 

respectively. Let us notice that, for Site 1, out of 77 trees identified in the field, 60 were indicated as 

potential tree locations, which yields an accuracy of 77.9%. For Site 2, out of 95 shrubs, 85 were found 

as potential locations (accuracy of 89.5%). 
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For visualization purposes, we transformed the matrices into rasters and then into shape files by 

using the suitable tools of the ArcGIS 10.1 software. An overlay with the orthophotomaps provided 

the spatial distribution of the potential locations (Figure 8). One can notice that, visually, the 

outcomes are very plausible. For instance, in sites 1 and 2 most of them are situated in the middle 

part, namely in the pasture, where scattered trees can be indeed found in situ. In Site 1, few potential 

tree locations were indicated in the denser forests, hinting that the surface/canopy model around a 

scattered tree is different to the surface/canopy model around a tree situated in a forest. In Site R2, 

the trees belonging to the hedge situated in the northern half were identified as potential locations. 

The slight mismatch between the tree labels and the image could be due to the different spatial 

resolutions (the orthophotomap had a resolution of 12cm, while the surface/canopy model had a 

resolution of 1m). 

 

    

Figure 8. Potential locations of scattered trees labelled on the orthophotomaps. 

In the Supplementary Material, we included in Figure S2 an application for two other sites with 

different characteristics. The outcomes are similar and confirm that the proposed approach could be 

successfully used in various environments. 

 

4. Discussion 

In summary, we might conclude that choosing suitable dilation factors for the Mexican Hat 

wavelet makes it possible to find potential locations for scattered trees or shrubs. Furthermore, as a 

subsequent step, one can extract from the canopy height model or the digital surface model an 

estimate of the tree heights. This is a general advantage of an approach relying on the vertical 

structure of the vegetation when compared to ones based only on two-dimensional imagery (even 

high-resolution). 

Let us notice that, for Site 1, out of 77 trees identified in the field, 60 were indicated as potential 

tree locations, which yields an accuracy of 77.9%. For Site 2, out of 95 shrubs, 85 were found as 

potential locations (accuracy of 89.5%). Similar studies, which aimed to detect trees in remote sensing 

data, reported similar results. In [17], six crown detection algorithms were investigated using aerial 

images under various forest conditions. The best accuracies reported varied from 60% for dense forest 

with a region growing algorithm to 99.7% for plantation with a marked point process algorithm. 

However, the authors warn that the algorithms are over-adapted for the specific forest type. Studies 

using data derived from LiDAR or Unmanned Aerial Vehicles (UAV) cite slightly higher accuracies 

ranging from 80% to 90% [9,18,66–69], while recent deep learning developments reached accuracies 

of >90% [4,70,71]. 

LiDAR and other remote sensing data can be used to detect vegetation patterns at different 

scales, from small plants [72,73] to whole forests [74]. It is important to note that the results are not 

immediately comparable between studies due to different data sets, pre-processing methods, 

environmental conditions (natural landscapes, urban areas, tree plantations), and not least, object 

detection techniques [75]. Our method has the advantage that it is not bound to specific pre-

processing tasks on LiDAR data. It works on any 2D matrix of elevation data, irrespective of the 

original source data, as we showed with the results on the CHM and DSM models. Also, unlike other 

tree detection methods in which model training is resource intensive and time consuming, the 
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method we presented does not require such steps. Furthermore, the software tool contributes greatly 

to the reproducibility of the method, as it allows the user to easily follow the processing steps shown 

without the need to worry about implementing complex mathematical processing on matrix data. 

There is also a high degree of versatility to the tool and the described method, as it supports the 

detection of various shapes by simply using another wavelet filter or a generic 2D filter which 

describes the shape to be detected.  

We illustrated the approach proposed and the functionalities of the software tool for solving a 

specific problem (the detection of scattered trees). However, the whole approach as well as the 

software instrument were conceived as a tool to be used in various analyses relying on regularly 

gridded surface/canopy models. Therefore, it offers the user the freedom to choose several 

approaches and parameters, providing appropriate outputs. Moreover, one could design, implement, 

and test alternative geometric shapes, depending on the problem under investigation. Thus, further 

possible applications refer to the comparison/detection of other vegetation patterns, geomorphologic 

features, or whole 3D landscape patterns. 

5. Conclusions  

The problem investigated in this paper was the detection of scattered trees in high resolution 

surface/canopy models. For achieving this aim, we developed and presented an approach and an 

accompanying software tool whose functionalities enable the comparison or the identification of 

landscape/vegetation patterns.  

We proposed to address the issue by emphasizing the role of the 3D geometry of the objects of 

interest. Therefore, we explored the variability of regularly gridded digital surface/canopy models, 

regarded as discrete 2D signals. Thus, we adapted techniques stemming from pattern detection and 

we applied the cosine similarity measure to matrices whose entries were related to the vertical 

structure. We found that, when using surface/canopy models, the shape variability was better 

assessed by applying a pre-processing transformation based on slopes computation, corresponding 

to the variation in first order of the z-values. 

In this paper, we presented an entire workflow that made it possible to find potential locations 

of scattered trees or shrubs from a digital surface model. This was achieved by using a pre-defined 

shape as a geometric model, the Mexican Hat wavelet resembling a coniferous tree. For two study 

sites, the trees and shrubs that were previously identified in the field were detected by our approach 

with accuracy rates of 77.9% and 89.5%. Moreover, in both sites and in four other sites with different 

characteristics chosen for validation, a visual check based on orthophotomaps confirmed the 

reliability of the outcomes. 

6. Patents 

There is no patent resulting from the work reported in this manuscript.   

Supplementary Materials: The following are available online at www.mdpi.com/2220-9964/9/5/298/s1. Figure 

S1: Plots of similarity values for three trees from Site 1 (row above) and three juniper shrubs from Site 2 (row 

below). The dilation factor ranges from 0.0 to 5.0 and the size of the matrices compared is d = 3, 5, 7. Figure S2: 

Potential locations of scattered trees labelled on orthophotomaps for two replicate sites in Germany. Row above: 

site Friedrichroda; row below: site Luisenthal. Since no obvious pattern of scattered trees was identified in the 

examples, we included a zoom area for each site in order to show how the detected locations match the ground 

truth data. The LiDAR point cloud data and the high resolution RGB imagery were obtained from the Thuringian 

State Office for Soil Management and Geographic Information (Thüringer Landesamt für Bodenmanagement 

und Geoinformation). The geoportal (https://www.geoportal-th.de/de-de/, accessed on 27 March 2020) allows 

the user to download pre-processed LiDAR datasets as point clouds to directly derive the Digital Surface Model 

(DSM) through interpolation, without the need of other processing steps. We used ArcGIS Pro software to 

generate the DSM model from the LiDAR data at 1m spatial resolution. Table S1: quantiles for the optimal 

dilation factor σ for Site 1. Table S2: quantiles for optimal dilation factor σ for Site 2. 
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