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Abstract

Prompted by the rapid advancements in software and hardware, 3D building data for numerous different applications is nowadays
often captured via mobile or kinematic laser scanning. However, in contrast to other laser scanning methods, there exist only a few
approaches tailored for the planning of a kinematic laser scan survey, and none of them provides an optimality guarantee. Therefore,
we propose a novel approach based on Mixed Integer Linear Programming (MILP) to find the optimal trajectory for such a survey.
To obtain a high-quality point cloud, we account for scanner-related constraints that influence the quality of the resulting point
cloud. Moreover, we enable the introduction of tie points to mitigate the effects of uncertainties in the position estimation that are
propagated in the acquired data. In our problem formulation, we aim to find the best tour in a properly weighted graph. For this,
we propose two different weight settings to either enable a purely length-based optimization or to increase the redundancy in the
measurements by incorporating a Visibility Ratio Factor (VRF) into the objective function.
To prove the applicability of our approach for offline panning, we apply our formulation to three different scenarios. In this context,
the VRF-based weighting enables a significant speed-up of the solving process while resulting in only slightly prolonged routes.
This approach paves the way for applying exact algorithms with an optimality guarantee in the planning process for efficient
kinematic laser scanning surveys.

1. Introduction

The accurate acquisition of 3D building data is a crucial build-
ing block for many applications in the context of, for example,
Building Information Modeling (BIM), change detection, con-
struction control, and heritage preservation (e.g., Dı́az Vilariño
et al. (2019); Meyer et al. (2022)). In recent years, the rapid de-
velopment in both hardware and software has prompted a grow-
ing use of laser scanning to obtain the required data. Depending
on the use case, there are restrictions imposed on the quality of
the acquired data, which is, among other things, reflected in the
choice of the surveying method (Kim et al., 2019). In general,
kinematic or mobile laser scanning (MLS) offers a lower point
quality in the resulting point cloud compared to, e.g, stop-and-
go laser scanning (Lin et al., 2013), since the position of the
scanner needs to be determined during the survey, and errors in
this process directly propagate to the point cloud. However, an
advantage of kinematic laser scanning is that the survey can nor-
mally be performed faster compared to static and stop-and-go
laser scanning. This characteristic renders it a favorable option
in numerous scenarios (Kim et al., 2019).

Depending on the platform used, it is possible to distinguish
between different variants of mobile laser scanning. Human-
carried laser scanners are often referred to as personal or Port-
able Laser Scanners (PLS), or as Wearable Laser Scanners
(Di Stefano et al., 2021). These systems enable rapid data ac-
quisition even in confined and tight spaces that are hard to nav-
igate. It is common practice that the surveyor plans the corres-
ponding route directly on-site. However, this approach poses
the risk that some parts of the object of interest remain unob-
served and, consequently, the resulting point cloud is incom-
plete. Additionally, some scanner-related constraints that influ-
ence the quality of the acquired data need to be considered: the
minimum and maximum distance between the scanner and the

object, as well as the incidence angle of the laser beam with
respect to the surface (Soudarissanane et al., 2011). Assessing
these parameters in a purely visual way requires a significant
degree of experience and is error-prone.

In addition to the human-carried scanners, other MLS platforms
are, for example, wheel-based. This enables the application of
(semi-) automatic approaches in which a robot follows a (pre-
defined) trajectory in order to acquire the required data. This
offers the possibility to survey even hazardous areas that pose
risks to humans. In the robotics domain, researchers often aim
to simultaneously map an unknown environment and localize
the robot within said environment (Grisetti et al., 2025). In this
context, the path planning is mostly performed from the per-
spective of coverage mapping. Here, the objective is to observe
all parts of a scenery at least once, often by following the detec-
ted boundary of an object. However, the quality of the resulting
point cloud is not considered. Additionally, the focus is not on
finding the shortest possible path. The economic efficiency of
a survey, however, is determined by the time allocated for its
completion. For MLS, this directly corresponds to the length
of the survey path. This is additionally important, since a path
that is as short as possible is more likely to satisfy the battery
requirements of an autonomous system.

The efficiency and effectiveness of a survey plan for laser scan-
ning in general highly depend on (1) the duration of the survey
campaign, (2) the completeness of the resulting point cloud, and
(3) the quality, i.e., accuracy, of the acquired data. Although
some recent approaches for calculating survey campaigns for
static or stop-and-go laser scanning that consider all three cri-
teria can be found (e.g., Jia and Lichti (2019); Noichl et al.
(2024); Knechtel et al. (2025)), there exists little research with
a focus on kinematic laser scanning. To the best of our know-
ledge, there exists no exact approach that comes with an optim-
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ality guarantee with respect to the given input.

Thus, in this article, we propose an algorithm to calculate the
optimal round tour tailored for the requirements of mobile laser
scanning in an offline way, i.e., before the surveyor arrives at
the scene. The two-dimensional input, which could be derived,
e.g., from OpenStreetMap, describes an outdoor scene compris-
ing multiple buildings that need to be surveyed. The problem
of finding the shortest path to survey all parts of a building is
closely related to the Watchman route problem (WRP), which is
proven to be NP-hard for polygons with holes (Chin and Nta-
fos, 1988). Consequently, the existence of an algorithm that can
solve this problem optimally and efficiently, i.e., with a poly-
nomial worst-case running time, is highly improbable. There-
fore, we employ Mixed Integer Linear Programming (MILP),
which guarantees an optimal solution, but features an expo-
nential worst-case running time. In practice, however, it often
performs better. In our planning, we additionally incorporate
the aforementioned scanner-related constraints to obtain a point
cloud of high quality. The aim is to minimize the weighted tour
in a properly weighted navigation graph. In addition to a purely
length-based weighting, we propose the Visibility Ratio Factor
that is included in the objective function. With this, we can ob-
tain a higher level of redundancy in the point cloud while still
maintaining the focus on the minimization of the length of the
survey route. The influence of the modified weighting on the
length of the resulting path, as well as on the time needed to
calculate an optimal solution, is subsequently investigated.

The remainder of the paper is structured as follows: After
presenting relevant related works in Section 2, we describe in
Section 3 in detail the methodology of our approach as well as
the underlying MILP formulation. Our experiments and the re-
spective results are shown in Section 4, followed by a summary
and an outlook on future work in Section 5.

2. Related Work

Different planning algorithms for all types of laser scan surveys
have been studied in recent years. In general, when talking
about laser scanning, one needs to distinguish between static,
stop-and-go, and kinematic laser scanning. Due to the differ-
ing requirements for the respective techniques, different plan-
ning algorithms need to be employed. An overview of multiple
applications, the applied techniques, and the respective quality
requirements is provided by Kim et al. (2019).

For static scanning, a set of standpoints on which the scanner
is placed is calculated. The main goal is to retrieve a complete
point cloud for the object of interest. To obtain a point cloud
of high quality, recent approaches consider not only plain vis-
ibility but also scanner-related constraints (e.g. Jia and Lichti
(2019)). As examined by Soudarissanane et al. (2011), the ob-
ject should be neither too close nor too far away from the scan-
ner. Reasonable values for this are provided by the manufac-
turer of the scanner. Additionally, retroreflective surfaces are
often associated with data voids and hotspot effects (Fong and
Yan, 2025). Such effects can also be mitigated by maintaining
an offset distance from the respective surface. Moreover, the in-
cidence angle between the laser beam and the observed surface
influences the point quality. For the planning under these con-
straints, we need to distinguish between heuristic approaches
(e.g. Dı́az Vilariño et al. (2019)) and approaches with optimal-
ity guarantees (Biswas et al., 2015; Dehbi et al., 2021) that ap-
ply (Mixed) Integer Linear Programming ((M)ILP). The latter

approach additionally guarantees a successful software-based
registration of the single scans to obtain a joint point cloud.
An overview of different methods of Planning4Scanning (P4S)
with the focus on static scanning is provided by Aryan et al.
(2021).

For stop-and-go laser scanning, a route that a platform equipped
with a laser scanner can follow is additionally required. Meas-
urements, however, are still performed in a static fashion, i.e.,
the platform stops at predefined standpoints to conduct a com-
plete scan of the environment. Although this technique fea-
tures a high accuracy due to the static measurement process,
the time needed for the complete survey is longer than for kin-
ematic scanning (Lin et al., 2013). With a focus on the mon-
itoring of the construction progress of a building, Frı́as et al.
(2019) employ a probabilistic ant colony algorithm to compute
a route between standpoints that are previously computed us-
ing a greedy algorithm. The approach by Noichl et al. (2024)
consists of a greedy heuristic as well as a genetic algorithm
to compute a suitable set of standpoints. The shortest route
between them is subsequently calculated with an approximation
algorithm for the Traveling Salesperson Problem. Knechtel et
al. (2025) solve both problems, i.e., the calculation of the op-
timal set of standpoints and the shortest tour between them, sim-
ultaneously, enabling shorter routes compared to subsequently
solving both problems. The approach again employs Integer
Linear Programming, i.e., comes with an optimality guarantee
with respect to the candidate positions. Additionally, it features
specific constraints guaranteeing a certain level of redundancy
in the registration process of the single point clouds, thereby
overcoming uncertainties and decreasing the risk of failures
during the software-based registration.

During a kinematic survey, in some contexts also referred to
as mobile mapping, the scanner is again following a trajectory,
thereby eliminating the necessity to register the individual scans
together. To subsequently obtain a point cloud, the trajectory of
the system needs to be retrieved. Oftentimes, this is done by
performing a fusion of measurements from an Inertial Meas-
urement Unit with measurements obtained from GNSS. This
process can be enhanced, for example, by including landmarks
with known positions (Esser et al., 2022). Calculating the op-
timal, i.e., shortest, route for kinematic scanning while main-
taining full coverage of the object of interest is closely related
to the Watchman Route Problem, i.e., to find the shortest route
that a watchman has to follow to guard an art gallery. Chin and
Ntafos (1988) proved that this problem is NP-hard for poly-
gons with holes by reducing the geometric Traveling Salesper-
son Problem (Papadimitriou, 1977) to it. The problem presen-
ted in this article is even more complex, since the visibility is
restricted due to the scanner-related constraints.

There exist only a few approaches tailored for planning for kin-
ematic scanning. The method for mobile mapping on large sites
presented by Frı́as et al. (2022) again relies first on a greedy
weighted viewpoint calculation, based on two-dimensional in-
put polygons. For the route planning, the approach enables,
among other things, splitting the routes into multiple subtours
to account for battery restrictions coming with some mobile
mapping systems when acquiring data of large sceneries. For
the dynamic acquisition, a profile scanner is assumed, scanning
the objects lying on a 2D plane that is orthogonal to the sys-
tem’s movement direction. The approach by Poku-Agyemang
and Reiterer (2025) is focused on the detailed acquisition of
a point cloud of infrastructure, e.g., a bridge. The input is a
3D model of the bridge generated from the technical drawings.
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Figure 1. Overview of the different steps of our proposed algorithm.

Viewpoint candidates are weighted with their respective cov-
erage and greedily selected. The kinematic scanning path is
obtained by applying the A* algorithm on the selected view-
points. The approach, however, does not explicitly consider the
measurements while the scanner follows the route between the
selected viewpoints. The importance of a good trajectory to ob-
tain a satisfactory model of an object of interest is examined by
Kuželka (2025), exemplary for a forest.

In the robotics domain, autonomous systems are often applied
to map an unknown environment. The two tasks of mapping
the environment and localizing the robot in the latter are sim-
ultaneously performed. An overview of different related works
in this domain is given by Grisetti et al. (2025). In this context,
however, the focus is on mapping all objects without directly
considering the quality of the resulting point cloud from a sur-
vey perspective or the characteristics of a laser scanner.

Neither of the aforementioned approaches provides an optimal-
ity guarantee for the route length, which is, among other things,
the crucial parameter for economic efficiency, since it influ-
ences the time needed for data acquisition. It is additionally
directly related to the amount of collected data that needs to
be subsequently processed. While a certain degree of redund-
ancy may be considered beneficial, an excess of data can lead
to excessive captured information and prolonged processing
times. To overcome this research gap, and by extending a mas-
ter’s thesis (Kordgholiabad, 2025), we propose in this article
a novel, MILP-based formulation that minimizes the length of
the route the system needs to traverse. Additionally, we pro-
pose a slightly modified weighting that is applied in the object-
ive function, which aims to implicitly achieve a higher degree
of redundancy in the results.

3. Methodology

Our proposed algorithm to calculate an optimal route for kin-
ematic laser scanning consists of four steps, which are depicted
in Figure 1. Based on two-dimensional input polygons com-
prising the scenery to observe, we (1) split the input geometries
into a set of segments S that need to be observed. Subsequently,
(2) based on a grid structure and while accounting for poten-
tial obstacles, we calculate a navigation graph G. The edges
in this graph serve as candidate edges for the subsequent path
planning. Furthermore, (3) for each navigation edge e ∈ G,
it is calculated which s ∈ S can be observed while traversing
the particular edge. In this step, we account for the scanner-
related constraints that influence the quality of the resulting
point cloud. As a final step, we (4) employ Mixed Integer
Linear Programming to calculate the optimal round tour on G
which is capable of observing all objects of interest. The single
steps are explained in more detail in the following subchapters.

3.1 Input

Our algorithm relies on a set of input geometries describing the
scenery that needs to be surveyed with kinematic laser scan-
ning. First, a boundary polygon B is introduced that bounds
the navigable space. For the buildings comprising the scene
and other objects of interest that should be surveyed, we ob-
tain the set of their respective footprints P . This reduction from
the three-dimensional to the two-dimensional space is often per-
formed in the existing literature and was exemplary proven to be
efficient for real-world outdoor sceneries, e.g., by Knechtel et
al. (2022). This assumption is, of course, not applicable for high
buildings or narrow urban canyons due to the resulting steep in-
clination angles. However, in these scenarios, the application
of terrestrial laser scanning is often restricted. Moreover, we
include obstacles A = An ∪ Av in our approach. An describes
areas that are not viable, i.e., through which the scanner can-
not navigate, for example, due to the underground conditions.
Other obstacles that not only influence the navigability but also
obstruct the visibility, e.g., walls or trees, are again described
as 2D polygons (Av). On this basis, we calculate the routable
space R in which the scanner can be placed and follow a route
within, i.e., R = B \ (P ∪A).

3.2 Segment Generation

In the second step, we discretize the outline of the objects of
interest P to allow a subsequent determination of the observ-
ability of the façade. Each segment from the input polygons is
equally subdivided into smaller segments. The result is a set of
segments S that feature a length of at most lseg. Each segment
is a straight line between its respective start and end points ss
and se. lseg is a user-selectable parameter that, on the one hand,
determines the granularity of the observability calculations, but,
on the other hand, heavily influences the calculation time by in-
troducing a larger amount of façade segments. In a later step,
for each segment, a constraint is imposed to guarantee the com-
pleteness of the acquired data.

3.3 Navigation Graph

Subsequently, we calculate the directed graph G = (V,E),
which we refer to as the navigation graph. For this, a rectan-
gular grid is generated inside the routable space R. The dis-
tance between the grid points is again a user-selectable para-
meter lgrid. A dense grid enables more and potentially shorter
routes. However, it also results in prolonged calculation times
for the optimal scan plan by introducing more candidate edges.
The grid points serve as the nodes V in the navigation graph,
i.e., are navigation way points. The nodes then form an 8-
connected grid with their respective neighbors. Each connec-
tion from node v to a neighbor u leads to pairwise candidate
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(a)

(b)

Figure 2. Different orientations of the rectangular grid and the
navigation graph derived from it. In (a), the grid follows the

overarching coordinate grid. In (b), it is oriented on the longest
building façade (red), thereby enabling more suitable paths.

edges (u, v) and (v, u) in the navigation graph. However, to
ensure a safe navigation, it is necessary to take the obstacles A
as well as the building itself into account. Consequently, we
only introduce edges that do not intersect with any of the poly-
gons contained in A and P . Furthermore, these edges must also
maintain a distance of no less than a safety parameter (lsafe)
from any buildings or obstacles to ensure a safe navigation.

Often, such a rectangular grid follows the orientation of the un-
derlying coordinate system. The objects of interest usually also
feature global coordinates for georeferencing. However, they
seldom align with the coordinate grid. The effect of this mis-
alignment is exemplarily depicted in Figure 2(a). Especially
around recesses and obstacles, the navigation graph is poorly
adapted to the situation, which can hinder the efficiency of
the survey. Therefore, we align our navigation grid along the
longest façade part present in the scenery to observe, which is
marked in red in Figure 2(b). The resulting grid is better ad-
apted and allows for more suitable measurement paths while
maintaining the original coordinates of the objects of interest.
Similar benefits of aligning the grid-based search space to the
dominant scene orientation are reported in Navarro (2023).

3.4 Visibility Analysis

Each of the segments in S needs to be observed at least once
during the scanning process. For now, we focus on a scanner

α

dmin

dmax

p2
p1

leval
lseg

Figure 3. Exemplary visibility calculation performed for the
second sample point p2 on one navigation edge e. The segments
of the building are indicated by orange crosses at their respective
start and end points. A segment is observable from one sample

point (green) if both start and end points are visible while
considering the scanner-related constraints. Otherwise, the

subsequent sample points need to be considered if they are able
to overcome this deficiency.

that performs 360◦ scans. However, this calculation could be
easily adapted for a profile laser scanner. In this step, we need to
calculate which parts of the respective buildings are observable
while traversing which navigation edge. This information is
stored in an observability matrix O with binary entries:

Oij =

{
1 if segment sj fully observable from edge ei

0 otherwise
(1)

In Figure 3, the process of calculating the visible segments for
one exemplary navigation edge (cyan) is depicted. For our
work, we define that a segment s is observable from a partic-
ular navigation edge e if the start point ss and end point se
(orange crosses) can be observed at least once while the scan-
ner traverses the edge. To keep the calculation times for the
visibility within reasonable limits, we evaluate the visibility for
each edge only for selected sample points. For this, the user
can define a parameter leval that determines the maximal dis-
tance between two sample points on the visibility edge. These
sample points are in Figure 3 depicted as cyan squares. The
start and end nodes of the navigation edge serve as the first
and last sample points. In this figure, we exemplarily show the
visibility calculation for the second sample point p2. In gen-
eral, observability can only be given if a straight line of sight
between the current position and the object of interest exists.
For this check, the buildings themselves as well as the visibility
obstacles Av are taken into account. Additionally, the afore-
mentioned scanner-related constraints need to be considered:
the minimum measurement distance dmin (blue), the maximum
measurement distance dmax (yellow), and the incidence angle
α (lilac) between the laser beam and the surface. The entries in
the observability matrix O for edges where both start and end
points are observable (green) are consequently set to 1. If one
or both of (ss, se) are not observable, we need to proceed with
the other sample points on the edge to check if they are capable
of (partly) observing the missing segments.

3.5 Calculate Optimal Scan Plan using MILP

To calculate an optimal route for a kinematic laser scanning sur-
vey, one needs to decide which of the edges in the navigation
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graph are part of the tour. For this, we introduce a binary vari-
able xuv ∈ {0, 1} for each directed candidate edge e = (u, v)
that is part of the navigation graph G. This variable can be in-
terpreted as follows:

xuv =

{
1 if edge (u, v) is part of the survey route
0 otherwise

(2)

The aim is to minimize the corresponding objective function:

Minimize
∑

(u,v)∈E

wuv · xuv (3)

In this objective, we apply a specific weight factor wuv to
each candidate edge. In general, this factor can be arbitrar-
ily set, indicating, for example, how long it takes to traverse
an edge, considering environmental factors such as slope and
underground conditions. In our experiments, we distinguish
between two different weight factors. The first weight factor
indeed corresponds to the length of the particular edge, i.e., the
Euclidean distance between the respective start and end points.
This serves as a simple indication of the travel time associated
with traversing the edge. The second weight factor we utilize is
designed to encourage the solver to obtain greater redundancy
in the observations by selecting navigation edges that are cap-
able of observing as many segments as possible. For this, we
first define the Visibility-Ratio Factor (VRF):

VRF(e) =
|{sj ∈ S | Oej = 1}|

len(e)
(4)

This factor indicates how many distinct parts of the façade can
be observed while traversing the navigation edge. We can count
for each candidate edge how many distinct segments can be ob-
served by summing over the corresponding row in the visibility
matrix O. This number is then normalized by the length of the
edge. Consequently, the VRF can be described as how many
of the segments S can be observed per unit of length traveled.
To still emphasize the main goal of finding a short survey tour,
the length of an edge e = (u, v) is again incorporated in the
calculation of the particular weight factor:

wuv =
len(e)

VRF(e) + ϵ
(5)

A small value ϵ, e.g., 10−6, prevents a division by zero if an
edge does not observe any segment, but is incorporated into the
tour to connect other candidate edges. Consequently, edges that
feature a low VRF obtain a high weight and are, thus, less prob-
able to be selected since the objective function is minimized.

The objective function is subject to various constraints that en-
sure that each part of the object of interest is observed at least
once during the scanning process and that the resulting survey
tour is a feasible round tour. The first set of constraints ensures
said observability by considering the previously calculated ob-
servability matrix O. For every wall segment of the building, at
least one of the navigation edges that are capable of observing
this segment needs to be selected:∑

e=(u,v)∈E

Oes · xuv ≥ 1 ∀ s ∈ S (6)

Our kinematic scan plan should additionally feature a suitable
round tour. The following set of constraints enforces that the

number of selected incoming edges equals the number of selec-
ted outgoing edges for every node in the navigation graph:∑

(v,u)∈E

xvu −
∑

(u,v)∈E

xuv = 0 ∀ v ∈ V (7)

An additional set of constraints can optionally be added if the
tour should bypass a set of user-selected tie points T ⊆ V . For
each tie point t ∈ T , a parameter mt can be chosen, determin-
ing how often the tour should bypass this point:∑

(t,u)∈E

xtu ≥ mt ∀ t ∈ T ⊆ V (8)

This constraint enforces that for each selected tie point, at least
mt outgoing navigation edges are selected for the final survey
plan. Due to the balance enforced by Equation 7, it is sufficient
to set up this constraint only for the outgoing navigation edges.
With this, the user is able to force a loop closure at certain points
to mitigate the effects of dead reckoning, i.e., a drift in the point
cloud that can occur for long trajectories.

Applying only the aforementioned constraints, however, can
lead to unintentionally disconnected subtours. To avoid this,
we apply the flow conservation model of Shirabe (2004), which
can be used to ensure the connectivity of a subgraph G′ ⊆ G,
consisting of the selected navigation edges and the nodes con-
necting them. Each node in the subgraph injects a portion of
flow into the network that is carried upon the edges. Only one
of the selected nodes is capable of taking up the flow. Thereby,
a path from each selected node to this sink is enforced. Since
this model is well-known and frequently applied, we provide
only a brief overview and explanation of the necessary variables
and constraints. Each navigation edge (u, v) ∈ E receives an
additional variable fuv ∈ R+

0 modeling the flow on the edge.
Additionally, each node v ∈ V is assigned two binary variables
that determine if v is part of the subgraph (yv ∈ {0, 1}) and if
v serves as the sink (sv ∈ {0, 1}). The first constraints couple
the variables with the edge-selection variable: Flow can only be
present on selected navigation edges, and a node with at least
one incident selected edge needs to be selected as well:

fuv ≤ (|V | − 1) · xuv ∀ (u, v) ∈ E (9)

yv ≥ xuv ∀ (u, v) ∈ E (10)

Moreover, we ensure that only one sink exists, and the sink is a
node that is selected: ∑

v∈V

sv = 1 (11)

sv ≤ yv ∀ v ∈ V (12)

The flow conservation constraint ensures that each selected
node v contributes flow to the network and that no flow gets
lost. This, however, is relaxed if the node is the sink, then it is
capable of taking up all the flow in the network:∑

(v,u)∈E

fvu −
∑

(u,v)∈E

fuv ≥ yv − |V | · sv ∀ v ∈ V (13)

With the presented constraints, we obtain the subgraph G′ =
(V ′, E′) with the minimum total weight from which the scan-
ner is able to observe all parts of the building. This subgraph
is (1) connected and (2) has only nodes where the in-degree
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Table 1. Results for the three datasets with both weighting techniques applied.

grid size [m] weighting path length [m] # selected edges mean VRF computation time [s]

ex1 10
length 766.27 53 0.4528 3045
VRF 796.98 71 0.5471 66

ex2 8
length 414.39 46 0.5743 50
VRF 451.08 51 0.6274 40

ex3 10
length 477.99 36 0.5147 25200
VRF 480.42 41 0.6682 57

equals the out-degree. These two properties are at the same
time the conditions for the existence of an Eulerian cycle in a
directed graph. Consequently, we can, in a final step, find such
an Eulerian circle in the optimal subgraph in O(E′) to obtain a
suitable round tour (Biggs et al., 1986).

4. Experiments

In our experiments, we calculate a plan for a kinematic laser
scan survey for three large outdoor scenarios to demonstrate
the applicability of our formulation. Moreover, we evaluate the
effect of the two proposed candidate edge weightings on the
resulting survey plan.

During our simulations, we assume a non-dynamic environment
in which the mapping system follows exactly the predefined
path while continuously performing 360◦ scans. Moreover, the
input polygons correspond to the actual buildings.

The code we used to evaluate our algorithm is completely writ-
ten in Python. For geometric operations, we utilized shapely1,
and to maintain and update the graph structures networkx2. As
the solver for our MILP formulation, we applied gurobi3 in ver-
sion 12.0.3. For our experiments, we set the minimum measure-
ment distance dmin to 2m, the maximum measurement distance
dmax to 20m, and the minimum incidence angle α to 30◦. The
grid consists of nodes with a distance of 10m between them
(lgrid), while evaluating the visibility every 1m (leval).

The results for all three sceneries and both weighting techniques
are presented in Table 1. As expected, the length of the route
computed with the geometric length as edge weights features
shorter tours for the kinematic laser scanning survey. Moreover,
fewer edges are selected compared to the case where the VRF-
based weighting was applied. Although the tour is only 0.5%,
3.9%, and 8.7% longer, respectively, the mean VRF is notably
higher for every scenario.

To examine the influence of the weighting, in Figure 4 we ad-
ditionally show the VRF, calculated as proposed in Equation 4,
for the scenery of our first example (ex1). It is evident that,
as expected, the edges between two or more buildings feature
a higher VRF (yellow color), since segments from each build-
ing can be observed. Moreover, around the buildings, mostly
the edges that are a bit distant from the façade feature a higher
VRF than the edges lying closer to the building, which can be
attributed to the incidence angle constraint that restricts the ob-
servability of more distant edges when traversing an edge close
to the building. In contrast, the more distant edges also feature
a lower VRF due to the maximum measurement distance.
1 https://pypi.org/project/shapely/
2 https://networkx.org/
3 https://www.gurobi.com/

Figure 4. Heatmap illustrating the VRF for all candidate edges
of the navigation graph on scenery ex1.

Consequently, the solution calculated with the VRF-based
weighting, which is depicted in Figure 5(b), comprises these
aforementioned edges with a medium distance to the building.
In contrast, the length-based solution shown in Figure 5(a) fea-
tures only the edges closer to the building, since they allow a
shorter survey tour. Only on the upper left edge of the lower
building, the length-based route does not utilize the navigation
edges that are close to the building. This can be attributed to the
application of the minimum measurement distance constraint.

In addition to the influence on the length of the resulting sur-
vey plan, the VRF also affects the time the solver needs to cal-
culate the solution with an optimality guarantee. Most of our
exemplary calculations were performed in minutes. However,
the length-based solution for ex1 took roughly one hour, and
for ex3 several hours. This is still reasonable in the context
of offline planning, where the surveyor performs the planning
before arriving at the scene, e.g., on the prior day. However,
we observed that the optimal solution was already found after
roughly 5 and 30 minutes, respectively. The remaining time was
needed to guarantee the optimality of the solution. This process
is more complex for the length-based weighting, since there are
only two different weights (for the horizontal and vertical con-
nections, as well as the diagonal ones). This leads to the ex-
istence of many solutions featuring the exact same route length
that all need to be examined during the solving process. The
VRF-based weights, however, are more diverse, easing the pro-
cess of finding the optimal solution for the solver. This results
in solving times of only a few minutes on our examples, while
still featuring only slightly prolonged routes. However, also
the other user-selectable parameters, such as lgrid, lseg, or the
scanner-related constraints, heavily influence the solving time,
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(a)

(b)

Figure 5. Results for the first example scenery (ex1) using the
geometric length as weight (a) and the VRF-based weighting (b)

of the navigation edges in the objective function.

as they determine how many variables are set up, as well as how
many constraints need to be imposed.

Our experiments show that applying the VRF-based weighting
eases the solving process for the solver a lot, thereby making
the application of our optimal algorithm even more attractive.
However, up to now, we have not evaluated the influence of the
weighting factor on the quality of the point clouds. In our ex-
periments, we simulate the measurements in a 2D environment,
which, obviously, does not allow for such an assessment. Sim-
ulating the measurement to obtain the resulting point cloud in
software such as Helios++ (Esmorı́s et al., 2022), or conducting
a real-world survey based on the plans, should be future steps.
In this context, it would be interesting to tune the VRF or even
add more complex weighting factors for the candidate edges,
for example, by considering the resolution of the respective ob-
servations on the object of interest.

Figure 6. Result on ex2 after introducing tie points in between
the two buildings.

In Figure 6, we show the result of our optimization approach
when introducing tie points that need to be traversed at least two
times in between the two buildings comprising the scene. This
leads to the tour passing through the gap between the buildings
twice. In consequence, we obtain a loop closure to mitigate
the effects of uncertainties in the estimation of the positions of
the system that are directly propagated into the resulting point
cloud.

Although our experiments demonstrate the general feasibility
and applicability of our formulation, paving the way for the ap-
plication of exact approaches for the planning of kinematic laser
scanning, other factors influencing the quality of the resulting
point cloud have not been taken into consideration, such as the
quality of the GNSS position, or scanner-specific operational
constraints (e.g., cooldown time of the scanner). Moreover, we
restricted ourselves to two-dimensional scenarios, although es-
pecially for indoor scanning, the collection of multi-floor data
poses a further challenge that needs to be addressed in future
research.

5. Conclusion and Future Work

In this article, we propose a novel MILP-based formulation to
calculate an optimal route for kinematic laser scanning. We
guarantee full observability and consider sensor-related con-
straints that influence the quality of the acquired data. The user
is additionally able to introduce tie points to the survey to mitig-
ate the effects of uncertainties in the sensor position estimation
that would directly propagate into the point cloud. Moreover,
we propose a novel weight factor for the objective function, the
Visibility Ratio Factor (VRF), which takes not only the length
of the survey route into account, but also implicitly adds a cer-
tain amount of redundancy to the acquired data. In multiple ex-
periments, we apply our formulation and the different weight-
ings to different survey scenarios, proving the applicability of
our formulation. The VRF additionally proves to be able to sig-
nificantly speed up the solving time of the optimization process
and features an increased amount of redundancy, while result-
ing in a route that is only slightly prolonged.
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To benefit from this property, we aim to assess in future work
the influence of the VRF-based weighting, as well as even more
sophisticated weighting techniques, e.g., based on the possible
resolution of the observations, on the resulting point cloud.
Moreover, introducing constraints to the ILP formulation in or-
der to allow multiple subtours to satisfy battery constraints for
large sceneries appears to be a promising enhancement. In a
step further, optimizing the trajectories for multiple independ-
ent systems, similar to the approach presented by Zhang et al.
(2023) on coordinated coverage path planning for UAV-ships,
appears to be a promising research area.
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