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Abstract - Traditional nonparametric segmentation 
method relies on segmentations at different scales to 
produce a hierarchy of semantically significant objects. 
Properly tuned scale parameters are, therefore, 
imperative in these methods for successful subsequent 
classification. Recently, some progress has been made 
in the development of methods for automatic 
segmentation scale parameter tuning. However, 
researchers found that it is very difficult to 
automatically refine the tuning with respect to each 
object class present in the scene. Therefore, the method 
fails to deliver correctly many of the new segment 
features. In this paper, a new 3d segmentation method 
is described in detail, which segments objects based on 
their distinct geometric concavity/convexity. This is 
achieved by strategically mapping the sloping surface 
which connects the object to its background. Further 
analysis produces hierarchical decomposition of 
objects to its sub-objects at a single scale level. 
Extensive qualitative results are presented to 
demonstrate the efficacy of this segmentation 
approach. 

I. Introduction 

The availability of massive amount of high-quality 
LiDAR data gives us an unprecedented opportunity to 
extract useful and accurate information for a wide variety 
of applications. For instance, hierarchical object 
representation offers new possibilities to gain insight into 
the content of a given digital image. Unlike object 
detection, which detects objects of a certain class (such as 
buildings, or trees) in a given digital image, object 
representation aims to address the whole scene [1]. Here, 
the entire topographic map is first segmented into its 
constituent image-objects that closely represent real-world 
objects. Object-based image analysis (OBIA) framework 
has gained traction recently in remote sensing and 
geographic information science for doing image analysis 
via object representation. Unlike traditional pixel-based 
classification approaches, which are based exclusively on 
the attributes associated with each pixel, OBIA takes 

advantage of new geographic information reveal by the 
object representation of the image [2]. OBIA involves two 
steps: image segmentation and object classification. 
Firstly, a segmentation algorithm is applied to partition the 
image into a relatively homogeneous group of pixels 
referred to as object candidates.  This results, in addition 
to spectral values, in a plethora of new information such 
as aggregated spectral pixel values, morphology, texture, 
context as well as topology. These features can be 
exploited in the subsequent identification of the object 
candidates by a classifier.  

Automatic separation of the topographic surface and its 
overlying 3D objects using LiDAR data is a challenging 
problem, especially in complex environment and rough 
terrain. Arefi in his 2005 paper [3], pointed out this 
automated segmentation as one of the major and unsolved 
problems for interpreting LiDAR data. In present, after 
more than a decade later, generic solution to this problem 
has not yet been discovered, as pointed out in a recent 
survey paper [4]. Nevertheless, extensive research has 
been conducted in this direction. Golovinskiy et al. [5] 
present a min-cut based method for extracting small urban 
objects from a combined Airborne and Terrestrial LiDAR 
point cloud data. Yao et al. [6] proposed a 3d segmentation 
method combining non-parametric clustering with 
spectral graph clustering to extract flyovers and vehicles 
in urban areas from raw airborne LiDAR data.  

LiDAR-based object detection and extraction work 
mainly concentrate on man-made features and few very 
distinguishable natural features such as trees. Natural 
objects, commonly referred as landforms [7] is way more 
difficult to detect than that of a man-made object [1]. Over 
the last decade, a new branch has emerged from OBIA, 
termed as Geographic Object-based Image Analysis 
(GeOBIA) to tackle this problem. The Multi-resolution 
segmentation (MRS) algorithm [8] has recently garnered 
a lot of attention within the GeOBIA domain for the 
delineation of landforms. Dragut, et al [9] employ MRS to 
segment elementary forms from Digital Elevation Maps 
(DEMs) based on the homogeneity of elevation 
derivatives such as gradient, aspect, profile curvature and 
plan curvature. However, landforms are composed of 



 

 

multiple such landform elements [10]. Wu et. al. [11] used 
MRS in LiDAR nDSM image, equipped with different 
scale parameter, elevation criterion, and shape criterion to 
extract different urban land cover types. 

In the MRS algorithm, choosing the right scale 
parameter is crucial, since it has a direct effect on the 
classification accuracy [12]. It is challenging to obtain 
scale parameter automatically for every object class 
present in the scene [13]. This leads to over-segmentation 
and under-segmentation. Moreover, hierarchical relations 
among objects derived at different scales are difficult to 
establish. For example, the boundaries shared between 
objects and sub-objects in the real-world scenario may not 
coincide in their corresponding resultant segments due to 
the imprecise selection of the scale parameters. 

The current object extraction method, therefore, cannot 
fully exploit the leverage the object based approach brings 
to the classification process. We attempt to overcome 
these limitations in our proposed methodology.  

In our approach, the object extraction method is 
inspired by how a human surveyor, placed on the target 
object, would plan her path so that she gradually covers 
and maps the slope of the entire object without any 
external help. In essence, this method is presented with the 
same set of data as the human surveyor and it adaptively 
analyses the data much like the human surveyor would. 
Hence, the name Virtual Surveyor. The result obtained via 
virtual surveyor based segmentation method is then fed 
into the hierarchical decomposition sub-algorithm, which 
decomposes the image objects to its constituent (if any) 
sub-objects, while operating at a single scale. The 
hierarchical relationship between the parent object and its 
sub-objects is also identified in the process. The entire 
segmentation process ensures that objects and sub-objects 
(natural or man-made) of all sizes and shapes and at all 
levels of the hierarchy can be extracted without requiring 
to traverse through multiple scales. 

 
  

II. Methodology 

The input to the virtual surveyor based object 
extraction algorithm is the mesh representation of the 
terrain. The algorithm has two main components: (1) a 
seed growing segmentation sub-algorithm that segments 
the target object from its topographic background, (2) a 
hierarchical decomposition sub-algorithm, where the 
extracted image object is analyzed and their sub-objects 
are extracted. 

 

A. Virtual surveyor based segmentation 
 

The virtual surveyor based segmentation is built upon 
the two following assumptions: 

(1) An object introduces a distinct geometric concavity 
or convexity on its topographic background. That is, an 
object can be categorized into either of (or a mixture of) 
two fundamental 3D geometric structures: convex-like 
structure and concave-like structure.   For example, hills, 
trees, buildings, drumlins, etc. can be categorized into the 
convex-like structure category, whereas watershed, 
swimming pool, gully, crater etc. fall into the concave-like 
structure. 

(2) An object, no matter how complex, is connected to 
its topographic background via a single enclosed sloping 
surface. We call this sloping surface as ‘foothill_slope’. 
Figure 1 shows a stylistically illustration of the 
foothill_slope of a multistory building and a hill. In the 
case of a convex structure, normal to all points on the 
foothill_slope point outward, whereas for the concave 
object, they point inward. Mapping the foothill_slope will 
enable partitioning of the object from its background. Any 
loop (path) which encircle the object and contained within 
the foothill_slope obey the following properties:  

The normal to any point of the loop points inward (or 
outward) all through in case of concave (or convex) 
structure.  

These loops are referred as ‘path_loops’. For each point 
on the foothill_slope, there exists one such path_loop to 
which it belongs to as a constituent. 

 
Figure 1 The enclosed sloping surface colored yellow is 

the foothill_slope of (a) a building, (b) a hill 

 
The foothill_slope mapping process relies on the 

condition foothill_slope offers (as mentioned in 
assumption 2) i.e., normal to each point of the enclosed 
foothill_slope surface is either pointing inward (in the case 
of convex structure) or outward (concave structure). 



 

 

As explained in details in our paper [14], if a surveyor, 
placed on the object, follows a special vector (referred to 
as surveyor guidance vector), which is estimated in situ, 
then this would guarantee that at each point of her route, 
the normal points to the right of the direction of the 
surveyor. If the path gradually forms a loop, this indicates 
the formation of a path_loop. The surveyor guidance 
vector (𝑟𝑟) at a point is calculated using the cross-product 
of the vertical vector (�̂�𝑧) and the normal (𝑛𝑛�) at that point.  
An example is shown in figure 2. 

 
𝑟𝑟 =  �̂�𝑧 × 𝑛𝑛� = |�̂�𝑧||𝑛𝑛�|𝑠𝑠𝑠𝑠𝑛𝑛𝑠𝑠�̂�𝑟 = 𝑠𝑠𝑠𝑠𝑛𝑛𝑠𝑠�̂�𝑟       (i) 
 

 
Figure 2 Surveyor standing on a slope 

The mathematical formulation of the foothill_slope 
condition adapted for the mesh representation of the 
terrain surface is given below:  

With referring to figure 3, cell A is the current location 
of the virtual surveyor and cell B is one of its neighbors. 
Here, ‘first_dot_prod’ is the dot product between �̂�𝑟𝐴𝐴 and 
�⃗�𝑣𝐴𝐴𝐴𝐴 and ‘second_dot_prod’ is the dot product between �̂�𝑟𝐴𝐴 
and �⃗�𝑣𝐴𝐴𝐴𝐴 

 
(𝑓𝑓𝑠𝑠𝑟𝑟𝑠𝑠𝑓𝑓 𝑑𝑑𝑑𝑑𝑓𝑓 𝑝𝑝𝑟𝑟𝑑𝑑𝑑𝑑) × (𝑠𝑠𝑠𝑠𝑠𝑠𝑑𝑑𝑛𝑛𝑑𝑑 𝑑𝑑𝑑𝑑𝑓𝑓 𝑝𝑝𝑟𝑟𝑑𝑑𝑑𝑑) ≥ 0 (𝑠𝑠𝑠𝑠𝑠𝑠)  
 
We call this condition as ‘foothill_slope_criteria’. 

Neighbors that satisfy the foothill_slope_criteria 
guarantee the direction of normal (𝑛𝑛�) falls on the right all 
through the path vector. 

 

 
Figure 3 Selecting neighbor 

 
The seed growing segmentation method includes those 

neighbors into the growing region. This guarantees the 
mapping of the entire foothill_slope of the target object. 

While mapping the foothill_slope of the object, the 
foothill_slope of the sub-objects (if any) are also accepted 
into the growing region. An example is shown in Figure 
1(b). Here, the hill is the parent object and the house and 
the trees are its sub-objects. The foothill_slope of the 
house and the trees has at least some part to which virtual 
surveyor can move onto from the foothill_slope of the hill 
without violating the foothill_slope condition. Once the 
virtual surveyor moved onto the foothill_slope of the sub-
objects, the surveyor maps the foothill_slope of the sub-
objects. So, in the next step, the composite object is 
decomposed to reveal its sub-objects. 

 

B. Virtual surveyor based hierarchical decomposition 
 

 

 
Figure 4 (a) Segmentation result of the pair of 

adjacent artificial pond, (b) complete_flow_graph of one 
of the pair (bounded by the red box), and (c) derived 

representative_path_loop 
 



 

 

The first and foremost goal of this sub-algorithm is to 
verify whether the segmentation result is indeed an image 
representation of a real-world object. The secondary goal 
is to expose its sub-objects. The sub-object can be an 
element of the object or can be an independent object. The 
identity of the sub-object and its relationship to the parent 
object will be clarified in the later identification step. The 
flow chart for the hierarchical decomposition is shown in 
figure 5. In the following, individual parts of the flowchart 
are explained in details. 

We start by constructing a graph, where each node 
represents the centroid of a cell in the mesh representation 
and each connections obeys the foothill_slope_criteria. 
The graph would capture all the possible path_loops exist 
in the image segment. That includes the path_loops belong 
to its sub-objects. This graph is referred as 
‘complete_flow_graph’. A real-world example of the 
complete_flow_graph of one of the artificial pond is 
shown in figure 4(b).  

The complete_flow_graph contains two types of loop, 
circular loops, and parallel loops. A stylistic simulated 
example of each kind is shown in figure 6. A sub-
algorithm is employed that finds all the loops of the 
directed graph. 

 Next, we attempt to simplify the graph. Circular loops 
of small size that satisfy the foothill_slope_criteria are 
retained and the rest of the circular loops are eliminated. 
Parallel loops are also strategically merged. So, what 
remains are a single path_loop for the parent object and 
for each of its sub-objects. These special path_loops are 
grouped from their corresponding set of parallelized 
path_loops, so they are called 
‘representative_path_loops’. Figure 4(c) illustrate the 
representative_path_loops derived from the 

complete_flow_graph as shown in figure 4(b). In the end 
result, each of these special loops correspond to the sub-
objects, are connected to the representative_path_loop of 
the parent object. This association reveals the hierarchical 
relationship of the object and its sub-objects. 

Each point of a sub-objects, that is not a member of the 
corresponding representative_path_loop, is connected to 
that loop by a chain of connections. Based on these 
connections, these points are associated with their 
representative_path_loops. Thereby segmentation of its 
sub-objects can be achieved. Thereby, the decomposition 
is conducted without traversing through multiple levels of 
the scale. 

 
 

 
Figure 6 Stylistic Simulated example of (a) circular loop 

(b) parallel loop 

Figure 5 Algorithmic flow-chart of the hierarchical decomposition sub-algorithm 



 

 

III Result 

In this section, we would discuss some of the 
qualitative results obtained so far. 

Figure 7 shows an oblique view of the segmented result 
of landforms. This is a very interesting case, where the 
foothill_slope of two neighboring landform, a hill and a 
watershed, share some part.  

 

 
Figure 7 Illustration displaying segmentation result for a 

hill shaped and watershed shaped landform at (a) top 
view, and at (b, c, d) different angle views 

For this reason, both are segmented from their 
surrounding using a single seed. In the next step of the 
hierarchical segmentation algorithm, both will be 
individually identified. 

Figure 8 show the segmentation result of a complex 
building. It is evident from the figure that all the walls of 
the building have been successfully mapped. 

 

 
Figure 8 Illustration displaying (a) orthoimage of a 
complex building, (b) point cloud model of the building, 
segmentation results at (c) top view, and (d) Oblique view 

Figure 9 shows the decomposition result of the 
complex landforms segment (figure 7). Their 
neighborhood and hierarchical relationship are also 
specified in the figure. 

 

 
Figure 9 (a) Landform segmentation decompose to (b & 
d) two horizontal convex structure and (c) one concave 

structure. 

 Figure 10 shows a complex building decomposed (See 
figure 8) to its constituent sub-objects including five 
horizontal convex structures and one concave structure. 

 

 
Figure 10 Complex building decompose to its constituent 

sub-objects. 

 Here in the figure, the hierarchical relationships among 
object and its sub-objects are only shown. It is to be noted 



 

 

that there are two external objects at the side of the 
building that was included during the segmentation 
process, has also been extracted as external objects. 

 
 

IV. Discussion 

In this paper, we introduce a novel methodology for 
extracting object and its sub-objects - natural and man-
made from LiDAR data. This virtual surveyor based object 
extraction technique can be integrated with an object-
based classifier, which has proven to be more successful 
than the pixel-based classifier. 

Due to the relative complexity of real-world objects 
and the difficulty in setting scale parameters tuned to each 
class of objects present in the scene, over-segmentation is 
an issue in the results of existing object extraction method. 
In our approach, the hierarchical decomposition can be 
conducted without traversing through multiple scales.  

The future development plan will be to construct a fully 
automated virtual surveyor based object extraction 
algorithm where the seeds of all salient object of a given 
LiDAR data are automatically detected. The complete 
algorithm will be tested on a wide variety of terrain. 
Quantitative analysis will be performed to prove the 
efficacy of the algorithm. 
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