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ABSTRACT

Automatic change detection in 3D environments requires the comparison of multi-temporal data. By comparing current
data with past data of the same area, changes can be automatically detected and identified. Volumetric changes in the scene
hint at suspicious activities like the movement of military vehicles, the application of camouflage nets, or the placement
of IEDs, etc. In contrast to broad research activities in remote sensing with optical cameras, this paper addresses the topic
using 3D data acquired by mobile laser scanning (MLS). We present a framework for immediate comparison of current
MLS data to given 3D reference data. Our method extends the concept of occupancy grids known from robot mapping,
which incorporates the sensor positions in the processing of the 3D point clouds. This allows extracting the information
that is included in the data acquisition geometry. For each single range measurement, it becomes apparent that an object
reflects laser pulses in the measured range distance, i.e., space is occupied at that 3D position. In addition, it is obvious
that space is empty along the line of sight between sensor and the reflecting object. Everywhere else, the occupancy of
space remains unknown. This approach handles occlusions and changes implicitly, such that the latter are identifiable by
conflicts of empty space and occupied space. The presented concept of change detection has been successfully validated
in experiments with recorded MLS data streams. Results are shown for test sites at which MLS data were acquired at
different time intervals.
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1. INTRODUCTION

Automatic identification of structures within a 3D environment and the analysis of their changes are important steps to
provide a basis for planning and monitoring. Common tasks in this context are, for instance, documentation of urban
development, surveying of construction sites, or inspection after natural disasters. Military applications include threat-
detection in MOUT scenarios, convoy protection and counter-IED operations, as well as battle damage assessment.

Photogrammetry and remote sensing offer flexible techniques for contactless observation of a 3D scene with varying geo-
metric resolution and coverage by using different platforms (terrestrial, airborne, space-borne). In addition, change detec-
tion requires the acquisition and comparison of multi-temporal data. The temporal resolution of multi-temporal data typi-
cally depends on the technical conditions of the involved platforms and sensors which cover a broad field, e.g. from ter-
restrial observations using a mobile video camera with a frame rate of some milliseconds up to observation from satellites
with a revision interval of some days. In the field of remote sensing, the topic change detection is discussed very often on
the basis of 2D data (images). In contrast to this, in this paper change detection is addressed on the basis of 3D data acquired
by mobile laser scanning (MLS).

1.1 Disadvantages of image-based 2D change detection

Change detection has been well studied for surveillance systems that use stationary cameras or moving cameras with nearly
the same viewpoint (e.g., nadir-looking aerial photography). Even under these conditions, image-based change detection
is a difficult problem, since image features used for comparisons are often dependent on the illumination of the scene,
which varies extremely depending on the time of day and the weather conditions. If views from different viewpoints need
to be compared, image-based change detection is even less reasonable. Although techniques exist to reconstruct 3D infor-
mation from image sequences (e.g., VSLAM), within single images, the 2D projection of the information for different
viewpoints results in completely different arrangement and perspective distortion of the data (cf. Fig. 1).
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(b) Downtown Vancouver, view from Kitsilano, June 2014.

Figure 1. Difficulty of image-based change detection: two views of Downtown Vancouver at different times (2010/2014) and
from different viewpoints. How to detect changes?

1.2 Advantages of 3D data analysis for object recognition and change detection

In contrast to classical methods of image processing, the analysis of 3D data does not require any reconstruction of the
geometry of 3D objects, as this information is inherently included in the data. Object recognition and change detection in
3D data are further supported by the fact that the segmentation of the data and the evaluation of shape features can be
performed independent of lighting conditions and color contrasts. Acquisition and analysis of 3D data are of increasing
importance in those application areas that require a high degree of automation and reliability of object recognition. For
instance, typical applications include collision avoidance for vehicles/aircrafts or mobile robots, model-based detection
and tracking of objects in close- and long-range environments, and the optimization and control of docking maneuvers.

1.3 Overview

MLS usually combines a LiDAR (light detection and ranging) device with highly accurate navigational sensors mounted
on a mobile sensor platform (e.g., aircraft, vehicle). Typically, an IMU (inertial measurement unit) and GNSS receivers
(global navigation satellite system, e.g., GPS, the Global Positioning System) are operated synchronously with a LIDAR
scanning mechanism.

MLS is well suited to provide 3D measurements which allow direct comparison of geometric features, but additional
requirements must be met by the data acquisition and data analysis if the laser scanner is used to support real-time opera-
tions, such as the surveillance of urban areas, terrain-referenced navigation, or detection of rapid changes. These applica-
tions require methods for immediate (on-the-fly) processing of range measurements instead of the classical offline treat-
ment of recorded data. The intention to use such a sensor system for change detection implies that 3D reference data of the
area in question have been acquired at an earlier date (¢), so that currently () measured MLS data can be aligned and
compared to these. In this paper, we address change detection in the case that both the reference data and the current data
were/are acquired by an MLS system. In addition, we require this MLS system to allow access to the component’s raw
measurements, i.e., the range data, the scanning geometry, and the IMU/GNSS trajectory.

During the mission (#,), all the new MLS measurements are to be (i) categorized, (ii) aligned and (iii) compared to the
reference data. These three tasks are intended to be performed in line with the data acquisition, which means that the
processing is done continuously on the acquired data stream instead of evaluating the complete point cloud. Regarding
task (i), a fast segmentation method was described by Hebel and Stilla' that is based on scanline segmentation and grouping
in consecutive scanlines. Matching objects, which are identified in both the current data and the reference data, can be used
to correct absolute errors of the measured sensor position?. Even if we have to deal with worse georeferencing accuracy
and reliability due to uncorrected GNSS and/or IMU drift conditions, this terrain-referenced navigation ensures a perma-
nent alignment of the data. In this paper, we focus on the comparison task (iii), and we start from the premise that the
system calibration and data alignment issues are solved®.
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Figure 2. Illustration of multi-view and multi-temporal 3D data acquisition.

In our change detection approach, we include the sensor positions in the considerations. Thus, we retain the knowledge of
empty space between the laser source and each reflecting 3D point (see Fig. 2). In robot mapping, such information is often
managed in so-called occupancy grids*. We adapt some of these concepts for the use with MLS data. From a methodical
point of view, the presented approach is designed for a future implementation for on-board processing, so MLS-system
manufactures are encouraged to utilize these concepts in their future development.

This paper is a summary of a more comprehensive journal paper® and parts of a doctoral dissertation®. In addition, we
present some recent activities and future plans of the working group’. In the next subsection, we give an overview of
related work on change detection and occupancy grids. The methodology is explained in Section 2. A description of our
different MLS setups (airborne, terrestrial) and experimental results can be found in Section 3. Finally, Section 4 presents
our conclusions.

1.4 Related work

The use of laser scanning for change detection has been proposed, for instance, by Murakami et al.® Typically, a digital
surface model (DSM) is generated by interpolating the 3D points onto a 2D grid, and changes are detected by computing
the difference of these DSM data. To increase the reliability of the change detection results, Vgtle and Steinle® classify
the laser points into the classes bare-earth, building, and vegetation. The analysis of multi-temporal MLS data is sometimes
proposed to assess damage to buildings, e.g., after earthquakes. Hommel'° puts strong emphasis on the elimination of
vegetation in the data, as this class of points could be misinterpreted, depending on the foliation state of the vegetation in
the different data sets. A similar argumentation given by Rutzinger et al.!! was also confirmed in our experiments. How-
ever, other applications are conceivable wherein the detection and analysis of urban vegetation are of prime importance!2.
Recent studies on change detection methods and a detailed survey of related work are given by Matikainen et al.'3 as well
as Lindenbergh'“.

Unlike the comparison of DSMs, the applications mentioned above require a different strategy for data processing. In
robotics, similar boundary conditions occur in the simultaneous localization and mapping (SLAM) problem, if ranging
sensors are used to generate global maps from local and uncertain sensor data (e.g., sonar, radar, or laser scanning). Most
commonly, 2D maps that are horizontal projections of 3D space are taken as a basis. Moravec and Elfes* were the first to
represent these maps as 2D arrays of cells labeled unknown, empty, and occupied, with values ranging from 0 to 1 to define
the “degree of certainty”. Puente et al.!® distinguish two different approaches to fuse information within such occupancy
grids. These approaches are: (a) probabilistic estimation based on Bayes' theorem, and (b) the combination rule of the
Dempster-Shafer theory of evidence!'®!7. Detailed work on autonomous navigation of mobile robots by a combination of
probabilistic occupancy grids with neural networks was done by Thrun'®. Probabilistic occupancy grids have even been
proposed for 3D object recognition'. Instead of a fixed-size 3D grid, Hornung et al.?’ use an adaptive octree representation
together with a probabilistic occupancy estimation to generate volumetric 3D environment models.

The evidence theory of Dempster-Shafer'®!” is commonly used for data fusion. In the context of occupancy models, the
Dempster-Shafer theory can substitute the probabilistic approach. There it has the advantage of evaluating conflicting
information implicitly, which can be utilized to detect object movements in the scene?!. In this paper, we evaluate such
conflicts in multi-view and multi-temporal MLS data, which we organize in 3D grids. Instead of downsampling the data
to the grid, it is possible to use the grid structure like a hash table, similar as it is described by Himmelsbach et al.?? for
their 3D object perception system. A description of the strengths and weaknesses of a 3D-based approach is given in the
next sections.
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2. DATA ACQUISITION AND ANALYSIS
2.1 Direct georeferencing

Since an MLS system consists of several spatially separated parts, the mutual placement and alignment of these elements
on the sensor platform are of great importance when combining the complementary information of all components. The
lever arms of laser scanner, GNSS receiver and IMU are taken into account to transfer the positional coordinates to the
laser scanner's center. The laser scanner itself is the core element of the MLS system. Typically, it makes use of the time-
of-flight distance measurement principle, e.g. by estimating the range corresponding to the echo pulses as they can be
found by constant fraction discrimination or full waveform analysis?>}. Opto-mechanical scanning provides a specific scan
pattern, in which a distance r;, measured at time # is georeferenced according to scanner geometry as well as position and
orientation of the sensor. With the navigational information s (sensor position) and Ry (sensor orientation) relating to the
laser scanner's center, r; is directly georeferenced to a 3D point p in the following way:

P=S+tRy°Rs°ry,

wherein s is the 3D position of the laser scanner at time ¢ in a Cartesian geographic coordinate system (e.g., ECEF), r; is
the measured distance given as a Euclidean vector (0,0,7.)", Rs is a 3x3 rotation matrix that describes the scanning process,
Ry is a 3%3 rotation matrix which describes the orientation of the laser scanner in 3D space, and p are the coordinates of
the resulting “laser point”. If r abbreviates the oriented distance vector Ry° Rs°ry, this equation simplifies to

p=s+tr.

The accuracy of the derived 3D point clouds is affected by several influencing factors, reflecting the complexity of an
MLS system®. The overall point positioning accuracy is one of the crucial factors influencing the expectable exactness of
the following change detection procedure.

2.2 Strategy for data processing

Two different stages are distinguished for MLS data acquisition and analysis. In stage I, a point database (reference) for
time # is built up and a 3D voxel grid that covers the complete area in question is filled with information. During stage I,
it is decided whether current (#,) MLS measurements confirm or contradict this information in the database. The voxel grid
structure is used to store information on the proximity of laser “rays” (and points). Once established, this data structure
enables to identify all candidates of old laser range measurements that may interfere with a new one. Furthermore, the cell
size can be chosen comparatively wide (e.g., five times the average point-to-point distance), resulting in a moderate amount
of data. Since the grid is only used as a search structure, the selection of the cell size has only minor impact on the results.

2.3 Generation of the database

Reference data captured at time #; contain the classified and co-registered laser measurements L of, for instance, multiple
overlapping MLS scans. For each point p;, the sensor position s; and the range vector r; are known. For storing the indices
i in a spatial database, two voxel grids Vp and Vg with same size are defined. The cells of both grids are filled with indices
from L (see Fig. 3). Each index i is included in a single cell of Vp according to the 3D position of the laser point p; that
corresponds to this index. Therefore, Vp simply represents a rasterization of the point cloud. Beyond that, Vr is used to
store all indices of laser rays that traverse the voxels. Each cell in Vp or Vg can receive either none, one or multiple indices,
depending on the number of laser points contained in this voxel, or depending on the number of laser rays that run through
this voxel, respectively.
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Figure 3. Filling the voxel grids Vp and Vr with the index of a laser measurement (i: index of the measurement).
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2.4 Modeling the occupancy of space

For each single laser measurement, the occupancy of space can be assumed as empty between sensor and laser point, as
occupied at the laser point itself, and as unknown everywhere else, especially behind the laser point in direction of the ray.
In case multiple laser measurements affect the same area in space, the question comes up how the different and probably
contradicting information can be fused. A possible strategy for fusion is based on the evidence theory by Dempster'® and
Shafer!” which explicitly handles the state of uncertainty or vagueness. The application of this theory has some advantages
in the context of the occupancy model: On one side, the uncertainty or vagueness allows to model occlusions and the
resulting lack of information. On the other side, the combination rule of Dempster allows to assess conflicts of information
which are of interest for automatic change detection. The occupancy of space can be described by functions assigning each
position a so-called “belief mass” in the interval [0,1]. Fig. 4 shows the spatial modeling of positions ¢ with transversal
and longitudinal distance (dx,d,) related to a laser measurement p for the states occupied, empty and unknown by the mass
functions my({occ}), myp({emp}), and my,(U). In this model, the three parameters (4,¢, x) determine the uncertainty of
the laser rays and points and have to be chosen according to the physical properties and technical limitations of the MLS
measurements (for details see Hebel et al.%). Especially m, ,({occ}) should be designed regarding the acquired point density
and position accuracy which depend on the range resolution of the laser rangefinder, the precision of the scanner and the
navigation system, and the size of the laser footprint.

occupied

m, , ({occ})

empty

mq,l’ <{emp})

unknown

m‘lal’ (U)

1= My p ({emp}) My, ({occ})

Figure 4. Belief masses occupied, empty and unknown in the vicinity of the laser point p.

2.5 Combination of evidences

In case of two or more laser rays and/or points which interfere, the corresponding mass assignments have to be combined.
For calculation of a fused mass function, the combination rule of Dempster'® is used. In this process, a conflict C caused
by two independent laser measurements p; and p, (empty in m; and occupied in ma, or occupied in m, and empty in my) is
calculated by C =my,({emp})-mgp({occ})tmypi({occ}) myp2({emp}). Further details can be found in the paper of Hebel
etal’.
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2.6 Detection of changes by space conflicts

During the phase of comparisons at time #, the previous defined model of space occupancy is used to assess whether a
new single MLS measurement g = sp + rp confirms or contradicts the existing mass assignments in space. In this context,
“existing assignment” means the local combination of mass functions (by Dempster’s rule of combination) which stem
from MLS measurements of the reference data at time #,. Changes in the scene will be visible as contradictions or conflicts
in space occupancy. Such conflicts occur in two cases, namely, if the laser ray (s, rp) traverses a volume in space which
is marked as occupied (Fig. 5b) or if the laser point ¢ is measured in a volume in space which should be empty (Fig. 5a).

5,9 s
¢ Q conflict type B
conflict type A
r'o
.occupied
R pl \ .pz
p3 0p4
N
() (b)

Figure 5. Conflicts between reference data (blue) and the current measurement (red). (a) Conflict type A: A new laser point
q lies in a region that is labeled as empty, (b) conflict type B: A new laser “ray” (so, ro) traverses an occupied space.

2.7 Considering additional attributes

The current model does not yet consider that some objects may lead to multiple reflections based on discontinuities of the
surface or due to a small size. For instance, in case of a partial penetration of vegetation, a single pulse will label the same
places along the measuring direction as occupied and empty. These self-induced conflicts will occur also for different laser
measurements of the same unchanged space in case of vegetation. Furthermore, vegetation is subject to seasonal changes.
If the detection of such changes is of minor importance, it is advisable to treat vegetation in a different way than ground
level, buildings, or other man-made objects. Besides full waveform analysis?, local principal component analysis (PCA)
and region growing are common approaches to classify MLS points belonging to vegetation®. For these measurements an
additional weighting factor is derived from local PCA that increases the amount of m,,,(U) and the dimensions of occupied
space. Another obvious way to refine the model is to account for the orientation of continuous surfaces. If local PCA
clearly reveals a local normal direction, m, ,({occ}) can be spread out along the detected surface. Again, the details can be
found in the paper of Hebel et al.’.

3. EXAMPLES
3.1 Airborne laser scanning of urban areas (helicopter)

Airborne laser scanning (ALS) is a variant of mobile laser scanning that uses a flying sensor platform (e.g., a helicopter).
ALS data that were analyzed for this study were acquired during field campaigns in 2008 and 2009, using a RIEGL LMS-
Q560 laser scanner (version 2006) in combination with an Applanix POS AV 410 inertial navigation system. All sensors
were attached to a helicopter of type Bell UH-1D (cf. Fig. 6). This experimental setup®* lacks online data access, so we
had to simulate the on-the-fly data analysis: All experiments described in this section were conducted in a post-processing
mode based on the stream of recorded raw data. With our configuration and settings, each scan line of the laser scanner
covered a field of view of 60° subdivided into 1000 angular steps. The inclination angle of the laser scanner was set to 45°
while flying with the helicopter's nose pitched down. Due to aviation security reasons, the minimum flight level had to be
restricted to 1000 ft. These boundary conditions led to laser strips with a width of 500 m and an average point-to-point
distance of 0.5 m. The cell size of Vr and Vp was chosen to be 2x2x2 m?, resulting in two cell arrays of the dimensions
300x300x50 (which corresponds to 600x600x100 m?) to cover the area in question.
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Taser scamner
(forward looking)

Figure 6. Experimental setup used for airborne laser scanning (ALS).

In April 2008, the test site Abenberg (Bavaria, Germany) was covered by four strips in a cross pattern, resulting in an
accumulated point cloud which includes 5,400,000 points with an average point density of 16 pts/m?. Fig. 7a shows a
rendered visualization of these reference data, where each point is gray-value coded according to the echo amplitude,
which is derived from full waveform analysis of the backscattered pulse®.

The test site was scanned again in August 2009, using the same sensors and a similar setting. Based on the recorded data
stream of a single strip from south to north (1,500,000 points), the methods described in the previous sections were suc-
cessfully applied. The parameters of the functions shown in Fig. 4 were set to =12, ¢=5 and x=8. Fig. 7b shows conflicts
of type B (objects that have disappeared) in red and the conflicts of type A (objects that have appeared) in yellow. In this
example, vegetation obviously causes a lot of type A conflicts, which can be ascribed to seasonal influences (April vs.
August). In case we want to focus on man-made changes, according to section 2.7 additional attributes and a classification
of reference data into ground, vegetation, and building can be used to reduce changes induced by vegetation. Details of
such a result are shown in Fig. 7e. In addition to the previous color-coding, green points now indicate that these are (most
likely) part of an unchanged building. The remaining conflicts are mainly caused by moved cars, newly constructed and
demolished buildings.

(c) Details Abenberg 2008 (d) Details Abenberg 2009
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Details of the change detection results:

(] Conflict type A (appeared)
B Conflict type B (disappeared)

[ Confirmed planar areas, parts of buildings

= Unchanged

single tree

(e) Conidering additional ttriutes

Figure 7. Results and different types of detected changes, e.g., demolition of buildings, moved cars.

3.2 Mobile terrestrial laser scanning (vehicle)

In the near future, modern vehicles will be equipped with a variety of sensors, computers, and communication systems,
for example to implement driver assistance functions. On the civilian market, this development is largely driven by a
growing interest in safety and comfort. Additionally, the military has an increasing demand for situation-awareness capa-
bilities in their vehicles. These trends have become well established in the scientific community, and the current work of
the group is focused on vehicle-based data acquisition and processing.

“MODISSA” (Mobile Distributed Situation Awareness) is the IOSB’s realization of an experimental platform for hardware
evaluation and software development in the contexts of automotive safety, security, and military applications. Example
applications for its sensors are obstacle detection and avoidance, traffic monitoring, acquisition of 3D models, change
detection, as well as target location, target tracking, target designation and target handoff between vehicles. MODISSA is
based on a Volkswagen van T5 that has been equipped with a broad range of sensors and contains hardware for complete
raw data capture, real-time data analysis, and immediate data visualization on in-car displays (cf. Fig. 8a). The VW van
carries several sensors on a roof rack, and a power supply as well as operational electronics inside. The current sensor
configuration includes two rotating Velodyne HDL-64E laser scanners, an omnidirectional camera, and two cameras on a
pan-tilt unit (one visual-range camera and one microbolometer infrared camera). The laser scanners are located ahead of
both roof rack bars over the front corners of the vehicle roof, and are positioned on a wedge with a 25 degree angle to the
horizontal, sloping to the front outside at a 45 degree angle. This configuration guarantees a good coverage of the roadway
in front of the car and allows scanning of building facades alongside and behind it (see Fig. 8b). A vertical plate between
the laser scanners serves to shield these from mutual direct laser radiation.

(b)

Figure 8. (a) The MODISSA platform enables mobile sensor data acquisition, sensor data analysis and mobile demonstra-
tions. (b) Accumulated 3D data acquired with the two Velodyne laser scanners (blue and orange for visualization of
currently added point clouds).
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Trolley case

@ (b)

Figure 9. (a) Test scenario for change detection with MLS data: a trolley case at the roadside. (b) Result of automatic change
detection: space conflicts shown in red.

Methods like those described in Section 2 can be applied to MLS data acquired by the two Velodyne laser scanners of
MODISSA. Fig. 9 shows results for a test scenario with intentionally prepared changes: First, reference data were acquired
of the roadway, its surroundings and building facades along a road. Second, a trolley case was placed on the roadside to
simulate an IED-like object (Fig. 9a). Third, new MLS data were acquired during the next passage on that road and changes
were detected automatically (Fig. 9b). To achieve this result, the current implementation of the change detection method
is based on a 3D occupancy grid with a 10x10x10 cm?® cell size. Future work will concentrate on the full implementation
of the methods from Section 2 and the optimization of the parameters in this approach to achieve an even lower false alarm
rate.

4. CONCLUSION

The experiments described in Section 3 demonstrate that spatial changes can be reliably detected with multitemporal MLS
data, provided that the data are properly aligned. The minimum size of detectable changes is limited by the point density
and the respective point positioning accuracy, which need to be modeled correctly by means of the parameters 4,c, x (in
Section 3.1) or the voxel size (in case of a standard 3D occupancy grid, Section 3.2). A reasonable setting represents a
compromise between the achievable level of detail and the tolerance against data misalignment. As to be expected, a small
point density and/or discrepancies between the different data sets result in a low level of detail. If the discrepancies are
small, we recommend to set the parameters (4,c, x) such that the FWHM of m,,({occ}) amounts to approximately twice
the average point-to-point distance, so that the measurements will have a significant overlap. In case of large discrepancies,
the occupancy of space at the position of p needs to be modeled even broader in order to smooth the registration errors.

Overall, we were able to detect changes of approximately 1x1x1 m?® with the ALS system and expect to detect changes of
20x20x%20 cm?® with the vehicle-based MLS system. However, these statements are specific to our experimental setup and
specific to the underlying circumstances during our field campaigns (e.g., local point density etc.). The presented method-
ology is independent of hardware and survey characteristics, and it can easily be adapted to any airborne or terrestrial laser
scanning system. The change detection example in Section 3.2 represents a first and preliminary test of the MODISSA
platform. In future work, we will implement the described methods on its on-board hardware. In addition, we will realize
other extensive applications on the MODISSA platform, such as pedestrian detection, target detection and target handoff
applications, as well as wide-area 3D model acquisition.
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