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Abstract – Terrestrial laser scanning (TLS) is gaining much 

interest in the engineering community as a tool used to track 

changes in natural or object surfaces in 3D at an 

unprecedented resolution and precision. Unraveling surface 

change in this context requires the comparison of 

measurements of the same surface at different time periods. 

In this paper, it is discussed how TLS data can be used in 

change detection of small magnitude (up to few cm) via direct 

point cloud comparison. The strategy includes point cloud 

data acquired at multiple epochs, then referenced into a 

common coordinate system and applying 3D point 

correspondence to detect the surface changes. Four different 

algorithms, namely the nearest neighbour, nearest neighbour 

with local modelling, normal shooting and iterative closest 

point (ICP) are examined.  A comparison of the performance 

of the algorithms is given with a validation experiment where 

a deformation measurement scenario was simulated. The 

study has shown that the most consistent results are provided 

by the nearest neighbour with local modelling and the ICP 

algorithms.  

 

Keywords – Geomatics, Terrestrial Laser Scanning, 

Change Detection, Point Cloud Comparison.  

 

I. INTRODUCTION  
 

  Change detection is the process of identifying 

differences in the state of an object or phenomenon by 

observing it at different times [1]. Change  detection  is 

useful in  many diverse applications, from large scale such 

as land use change analysis, disaster monitoring, 

environmental modelling, to smaller scale such as damage 

assessment of building infrastructure, stress detection in 

engineering structures, deformation of small objects etc. 

Change detection techniques have been developed for 

decades mainly for large-scale applications using remote 

sensing data. Automatic detection of changes with 

airborne photogrammetry or airborne laser scanning 

(ALS) is also widely researched (e.g. [2], [3]). The 

behaviour of small size natural phenomena or changes of 

specific objects are of great importance for analyzing 

deformations or an object‘s evolution, and require a more 

subtle  measurement technique and data analysis. In this 

area, terrestrial laser scanning (TLS) with the prominent 

advantages of remote and non-contact collection of 3D 

measurements for direct surface description (point clouds) 

and high speed data acquisition at the few millimetre level 

has made it a very suitable data collection tool for the 

general 3D change detection problem. For further details 

on TLS the reader may refer to a number of textbooks 

such as [4], [5], [6].  

Concerning the change detection via point clouds, 

several ways have been proposed in recent years to 

categorise the various approaches from different 

perspectives. In [1] two categories are defined, i.e. 

classification-based comparison and direct comparison of 

raw multi-temporal data. The former approach finds 

implementation to point clouds usually acquired from 

airborne platforms such as ALS.  Based on this approach, 

ALS point clouds are converted to digital surface models 

(DSM) and then are classified in 2.5D. This also works for 

Triangulated Irregular Networks (TINs) or other surface 

representations. The DSMs are subtracted to identify 

changes (e.g. [7], [8]). Some researchers classify point 

clouds directly in 3D as urban objects, e.g. buildings, 

trees, and then detect the changes in 3D [9]. Another 

approach is to compare a base map with the acquired ALS 

data set but for TLS data sets, this is not so straight 

forward. The main reason is that TLS data are considered 

as unstructured 3D representation, whereas ALS data are 

regarded as 2.5D. 

The second approach, in which raw data are directly 

compared, has been mostly used in point clouds acquired 

from terrestrial platforms (TLS and mobile laser scanners 

MLS). The main methods found in the literature to detect 

changes are by a) using visibility query, and b) point cloud 

subdivision.  By using visibility query methods, two scans 

are compared directly via range image subtraction. 

Specifically, when the clouds are co-aligned (or registered 

to a common reference coordinate system), a pixel at a 

given location in both scans has a common ranging 

direction. Thus, implementing the change detection is 

equivalent to asking whether a point measured in the 

analyzed scan can be seen from the reference scanner 

position [10]. In methods of point cloud subdivision, two 

scans are compared directly using segmentation structures 

(such as octree, kdtree etc) for accessing the 3D point 

cloud and measuring the changes via some metric space 

such as the Hausdorff distance. The Hausdorff metric, 

measures how far two compact non-empty subsets of a 

metric space are from each other and is often used in 

computer vision. In [11] a point-to-point comparison was 

implemented by using the Hausdorff distance as a measure 

for changes. Whilst methods (a) apply for change 

detection of scenes in the order of several meters, methods 

(b) apply usually to change detection of smaller size 

objects and surfaces (i.e. order of cm). 

As mentioned earlier, during the change detection, not 

only objects or areas in the point cloud are identified 

where changes have occurred but there is also the 

possibility to perform a deformation analysis.  The 

available deformation methods can be divided in three 

different categories: (i) point-to-point-based methods, (ii) 

point-to-surface-based methods, (iii) surface-to-surface-
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based methods. The first category uses the direct 

comparison of the 3D coordinates of discrete identical 

points recognised in the point clouds. These points are 

scattered on the surface of the object in the form of targets 

(such as reflective planes or spheres).  The centre point 

coordinates can be calculated by a best fit algorithm and 

the coordinates are introduced in a classical deformation 

analysis using identical points. The disadvantage is the use 

of artificial targets which can be laborious to place them 

on the scanned area. Secondly, only a very small part of 

the redundancy contained in overlapping scans is used for 

the calculation and the resulting accuracy of the 

orientation parameters is therefore insufficient for 

detecting deformations (e.g. [12], [13].  In the second 

category, one of the point clouds is represented by a 

surface (usually the reference point cloud using 

tessellation such as TIN, implicit or explicit functions such 

as Non-Uniform B-Spline, NURBS) and for a point in the 

second point cloud the distance to the surface is calculated 

(e.g. [14], [15], [16]). The third category comprises 

methods of computing the distance between two surfaces 

calculated from the point clouds (e.g. [17], [18], [19]). 

The behaviour of small size changes of specific objects 

are of great importance for analyzing deformations or 

object evolution, and require a more subtle analysis of the 

measured scene (e.g. [20]). Inspired by the idea of direct 

comparison of two partially overlapping clouds of the 

same object and measuring the changes via some metric 

space, this paper examines four different algorithms which 

detect and quantify changes (in the order of few mm) via 

point cloud correspondence. These algorithms are namely, 

the nearest neighbour, nearest neighbour with local 

modelling, normal shooting and iterative closest point 

(ICP), and operate directly on point clouds without 

requiring to need of creating surfaces such as TINs.  Prior 

to the direct comparison of the two point clouds a 

segmentation structure is implemented (such as octree, k-d 

tree etc) for accessing the 3D point cloud.  Although many 

authors have evaluated the accuracy of the above 

algorithms independently, few provide a comparison 

between them (e.g. [21], [22]). An additional goal of the 

paper is not only to present a comparative study regarding 

the algorithms for the detection of changes but also to 

propose an efficient solution aware of the unique 

characteristics of the TLS data. 

The paper is structured in four sections. The second 

section describes the processing workflow for direct point 

cloud comparison and Section 3 describes briefly the 

different algorithms that were implemented in this work. 

Section 4 presents the experimental test data for a 

simulated surface and a designated object and gives a 

comparison of the performance between the four 

algorithms. It is mentioned here that this paper deals with 

small changes in the order of few mm up to few cm found 

in smooth manmade surfaces (of about 3-4m
2
 of area).  

Such an application can find its use in static scenes when 

reconstructing for example, cultural heritage objects or 

engineering related objects such as metal tanks.  Finally a 

discussion on the results is given and the main conclusions 

are drawn. 

  

II. WORKFLOW FOR CHANGE DETECTION  
 

The workflow of the procedure in order to detect 

changes directly for two point clouds collected at different 

epochs is shown in Fig. 1. At this point, it is necessary to 

define the difference between changes and deformations. 

In the surveying engineering terminology, changes are 

considered as differences in the state of an object, whereas 

deformations are small differences in the shape of an 

object. However, a large deformation can be regarded as a 

change, while a small change can be a deformation. In this 

work, the surface changes are small (less than 10cm) and 

are regarded also as a deformation. Therefore, in the 

remainder of the paper, change and deformation will be 

regarded the same. 

The first step in the workflow involves the data 

acquisition from the TLS. The most typical use of 

scanning involves multiple setups (n scans) from different 

viewpoints in order to capture complex objects or setups at 

different epochs to capture the same object. But TLSs 

measure the positions of points with reference to their 

internally defined sensor frame. Thus, prior to any other 

processing, these individual datasets must be transformed 

and registered from their respective internal systems into 

an externally defined system (e.g. [23]). 

Registration allows the estimation of the rigid 

transformation parameters (rotation and translation) to be 

determined in order to bring one dataset into alignment 

with the other in order to accurately define all scans in a 

common coordinate system. This can be achieved using 

either (a) computer-based methods, or (b) geodetic 

methods. In the literature, one of the most popular 

computer methods is the ICP (Iterative Closest Point) 

algorithm and its variants ([24], [25]). Other computer-

based popular approaches use surface matching algorithms 

(e.g. [19]) allowing pair-wise co-registration of scans on 

the basis of a shared portion of the captured surface. The 

surveying methods rely on target-based registration with 

the disadvantage of the geodetic measurements 

introducing some errors, which might exceed the internal 

error of the scanner instrument (e.g. [26]). 

The next step is the georeference of the registered point 

clouds collected at two epochs. Because the registration is 

performed per epoch, all epochs must be referred to the 

same coordinate system. The coordinate system of an 

epoch, usually the first, is considered as the ―reference 

epoch‖ and the remaining epochs are georeferenced with 

respect to this epoch.  The core of the workflow is the 

direct comparison of the two georeferenced clouds 

obtained at different epochs. This is performed using a 

point cloud correspondence approach. Other researchers 

use different approaches such as segmentation whereby 

subsets of the point cloud are formed by grouping points 

with similar properties under a given homogeneity 

criterion (e.g. [27], [16]). However, segmentation is a non-

trivial problem because an absolute definition of a ‗good‘ 

segment does not exist and very often within the same 
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point cloud features are best represented by segments with 

differing geometric or radiometric characteristics. Also, a 

major problem with surface based segmentation is the 

presence of noise in point clouds and the structure of the 

cloud which is not compact compared to other structures 

such as TINs (e.g. [28]). The algorithms used in this work 

to perform the point cloud correspondence are described in 

the following section. The data structuring implemented 

for the point correspondence is typically achieved by 

means of tree structures such as the octree [29] and k-d 

trees [30]. 

 
Fig. 1. Overview of workflow. 

 

III. POINT CORRESPONDENCE ALGORITHMS  
This paper examines four different algorithms which 

detect and quantify changes (in the order of few mm) via 

point cloud correspondence. These are the (a) nearest 

neighbour, (b) nearest neighbour with local modelling, (c) 

normal shooting and (d) iterative closest point (ICP). The 

first three are categorised as global matching algorithms 

and the ICP is a local-search algorithm. Below there is a 

brief description of each algorithm. 

A. Nearest-neighbour distance 
The simplest way to compare two clouds is the 

algorithm of the "nearest" neighbour search (NNS)‖ and 

its variants, which effectively calculates the closest (or 

most similar) points. Formally, the nearest-neighbour  

search problem is defined as follows: Let n

1i}p{=P


 be a 

set of n points in a d-dimensional space and q


 be a query 

point. The nearest-neighbour search problem states: Find 
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B. Nearest neighbour with local modeling  
The nearest neighbour distance approach is virtually 

assumption-free, but its results can be quite unstable 

especially when the two compared point clouds are 

insufficiently dense. A better approach is this case is to use 

nearest neighbour with surface modelling algorithms. 

Instead of directly comparing the points between the two 

clouds, a comparison is performed via a local surface 

created by a number of nearest points. Then the 

calculation of the distance from each point of the 

compared cloud is compared not with the nearest point, 

but with the projection of the surface that has been 

computed. Statistically this methodology is more accurate 

and not so dependent on the density of the cloud, but it can 

sometimes produce abnormal results due to the fact that 

the modelling of the cloud is limited (only a small number 

of local points are used and small errors remain especially 

for curved or angled surfaces). It does, though, give much 

better results on a global scale [11]. The mathematical 

surfaces that can be used are numerous. The only 

constraint factor in selecting a mathematical surface is the 

computational time for the calculation of the surface. Thus 

mathematical surfaces should be simple such as a plane or 

a low level polynomial function. In this work three 

surfaces were used: plane, triangulation, and polynomial 

function (see Table 1).  

C. Normal shooting  
The original algorithm [25] is defined as finding the 

intersection of the ray originated at the source point in the 

direction of the source point‘s normal with the destination 

surface. The variant algorithm implemented in this work 

finds the closest point in the destination cloud instead. 

Therefore, for the calculation of changes or deformations, 

for each point in the reference cloud the normal vector to 

the point is calculated. Among the k closest neighbours in 

the compared cloud, the point which has the shortest 

perpendicular distance is considered the corresponding 

point to the reference cloud and the Euclidean distance 

between the two points is computed. 

D. ICP algorithm  
An alternative way of detecting changes and small 

deformations is the use of the registration-based methods, 

with the most popular being the algorithm of ICP.  Since 

its conception [24], a large number of variants have been 

developed and a good survey of different variations of ICP 

is presented in [31]. Using this approach, the detection is 

not performed on a global basis but the cloud is segmented 

into smaller areas. 

Initially, the algorithm requires the data set of the whole 

area and gives an estimation of the average deformation, 

but often the deformation is not uniform to the whole area 

surface. In the process of locating localized deformations, 

the scanned area is segmented in smaller regions where the 
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ICP algorithm is applied in the pair of the corresponding 

segments. In the algorithm implemented in this work, an 

octree is used which segments the compared cloud in 

cubic areas with specific size. To the points which are 

inside the cube the ICP is applied and a vector between the 

initial and the final position is calculated (e.g. [32]). 

The advantage of this methodology over the others is 

that it is less prone from errors due to the noise of the 

measurements because it takes into account not only one 

point in the cloud but all the points which are inside the 

sub-cube, so it calculates an average of deformation on 

these points. Therefore it is suitable for more noisy clouds. 

The main drawbacks of the algorithm are the problems 

that are often seen in the convergence of the algorithm to a 

correct solution which is not always guaranteed and the 

intensive calculations and therefore may not be suitable 

for the calculation of deformation of large areas. 

 

IV. IMPLEMENTATION EXPERIMENTS   
 

All the algorithms were examined using synthetic and 

real data. In the following a detailed description is given.  

A. Parameters of search-space  
The following table (Table 1) summarises some basic 

properties of the algorithms that were implemented in this 

work and the data structure used. A parameter that 

influences the performance of the algorithms is the 

maximal distance parameter, which restricts the search 

space around the query point, because the larger the 

maximal distance the more of the space the search routine 

must explore. For this reason, different values of the 

search space were used for the normal shooting and the 

ICP  in order to investigate possible effects. 

Table 1. Parameters of search space in the implemented 

algorithms. 

Algorithm 

 
Data 

structure 

Variation of parameter 

Nearest 

neighbour 

(NN) 

octree or k-

d tree 

True distance, k-

neighbours 

NN local 

modelling 

k-d tree least squares best fitting 

plane, 2D 1/2 Delaunay 

triangulation,  quadratic 

height function 

Normal 

shooting 

k-d (5, 10), (300, 10), (5, 300), 

(300, 50) 

ICP octree Voxel size: 0.01m, 0.02m, 

0.05m, 0.1m 

 

For the nearest neighbour with local modelling three 

variants that affect the search space were tested, depending 

whether a plane, triangulation or polynomial function was 

used (i.e. least square best fitting plane, 2D 1/2 Delaunay 

triangulation and quadratic height function). The normal 

shooting algorithm is affected by two parameters, the 

former showing the number of points from which the 

normal is calculated.  The latter is the number of the k 

closest neighbours in the compared cloud amongst which 

the algorithm tries to locate the point with the shortest 

perpendicular distance in order to compute the Euclidean 

distance between the two clouds. The values of  the two 

aforementioned parameters suggested in the literature are 

usually small to allow for quick search. In all the 

experiments four different sets were used including some 

extremities in order to verify the algorithm performance, 

i.e. (5, 10), (300, 10), (5, 300), (300, 50). For the ICP 

algorithm, the parameter that refers to the search space is 

the the voxel size. This is related to the storage of point 

clouds within the octree or k-d tree implementation and 

refers to the maximal depth of the occupied volumes by 

the points [33]. The voxel size in the experimental data 

varied from small to large sizes (i.e. 0.01m, 0.02m, 0.05m, 

0.1m).  

B. Experimental data  
All algorithms may introduce false correspondences 

caused by a number of factors, such as inaccurate 

transformation parameters due to erroneous registration, 

point sampling variations between scans, occlusion etc. 

This is a problem that has attracted attention for 

improvement from the 3D vision community (e.g. [10], 

[11]).  In this work, three factors are examined which have 

influence on the quality of the point pairs in the tested 

algorithms. These are: point sampling, registration error 

and choice of reference epoch (Table 2). These parameters 

may create noise and in the presence of noise in the input 

data, it is easy to create poor correspondences between 

pairs of points (e.g. [21]). In the remainder of the paper, 

the measuring epochs t1 and t2 will be used. Epoch t1 

indicates the initial or reference point cloud of a surface 

measured at the first time, and epoch t2 indicates the 

successive point cloud of the same surface. In order to 

compare the algorithms, synthetic data is used and finally 

experiments with real data are realized. The evaluation 

metrics that are used το assess the algorithm performance 

is the mean and standard deviation. 

Table 2.  Examined parameters in the experiments. 

Parameter 

 
Variation of parameter  

Point sampling  - same point density in clouds of  epoch t1 

and t2 

 - different point density in clouds of  

epoch t1 and t2 

 

Registration 

error 

 -  introduced error of few cm 

Choice of 

reference epoch 

 - comparison of clouds from epoch t2 to 

epoch t1 

 - comparison of clouds from epoch t1 to t2 

 

 

C. Synthetic data  
The synthetic test scene comprises two point clouds t1 

and t2 with dimensions 3m x 1.5m in X and Y-axis, 

respectively. In t1 cloud, the Z axis is equal to zero, i.e. 

zero deformation. The t2 cloud has changes/deformations 

of parabolic shape, varying from 5mm to 2cm, introduced 

on the Z axis only. Fig. 1 (a, b) illustrates these 

deformations by showing the differences between the two 

point clouds both in numerical and coloured scale. The 

data included no added noise for simplicity. 
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In the first scenario, the parameters were unchanged, ie 

same density point of 1mm in both clouds at t1 and t2, no 

registration error and comparison of clouds performed 

from epoch t2 to epoch t1 (cf. Table 2). All the algorithms 

detected the introduced changes successfully. The three 

algorithms also estimated the deformation with the 

expected metrics (i.e. mean equal to zero, standard 

deviation in the order of 1mm) but only the ICP gave 

different results (Fig. 2). 

 

 
Fig. 1. Views of the synthetic point cloud data. 

 

 
Fig.2. Detection with the ICP algorithm (voxel 

size 0.01m). 

 

As seen in Fig.2, the algorithm could not detect 

correctly the changes at the bottom parts of the two 

parabolics. This is not unexpected because the ICP works 

better with noisy data. Also, if the number of points in the 

voxel is less than three it is possible that the ICP does not 

estimate the deformation correctly. In the next scenario, a 

comparison of point clouds from epoch t1 to epoch t2 was 

performed. Due to lack of noise there was no registration 

error and the density point variation could not exceed the 

5mm as this is the size of the smallest introduced 

deformation. In this scenario, again all the algorithms 

detected the introduced changes successfully and the ICP 

performed with the same behaviour as in Fig. 2.  

D. Real data  
For the real data experiment the chosen object of testing 

is geometrically well defined (a satellite dish of diameter 

1.4m) located inside the metrology laboratory of the 

School of Surveying Engineering in NTUA. The specific 

object has been measured with high accuracy industrial 

surveying techniques, thus knowing the 3D mathematical 

description of its surface with uncertainty in the sub-mm 

order. A terrestrial laser scanner (Leica Scanstation 2) was 

used to collect the point cloud data with the scanner-object 

distance during data acquisition always maintained within 

the quoted accuracy specifications of the manufacturer, i.e. 

5-50m (hds.leica-geosystems.com). A number of scans 

were acquired with varying densities (1mm, 5mm, 10mm). 

The ―change‖ (or deformation) on the object‘s surface was 

simulated through the use of children‘s plasticine placed 

on the scanned object.  This material was used because is 

flexible, dense enough that it can retain its shape easily 

and does not melt under hot conditions. The simulated 

deformation from the moulded plasticine was in the form 

of different shapes, colours (white, blue, yellow) and sizes 

that varied from 0.3cm to 3.5cm. Three different placticine 

pieces with varying shape and colour were used: white 

with dimensions in length, width, height (4.3cm X 8.3cm 

X 09cm), blue  with dimensions (13.5cm X 3.6cm) and 

height from 0.3cm to 2.2cm and yellow with dimensions 

(7.8cm X 7.2cm X 3.5cm) (Fig. 3).  The epoch that the 

point clouds of the object without the plasticine were 

collected is considered as the reference epoch t1 and any 

subsequent clouds are considered as epoch t2, t3 etc. 

 Each epoch of measurements comprised three scans. 

Following the registration (which was achieved with an 

accuracy of 2mm),  the georeferencing of the acquired 

clouds was performed externally, i.e. by using reflective 

targets measured by total station surveying with an 

accuracy of 1-2mm in order to avoid any influence due to 

the ICP algorithm at this stage (Fig. 4).  The results of the 

algorithms were examined through the statistics of the 

mean and standard deviation of the change detection. 

Furthermore, the quality of the results was examined 

through the histogram of each algorithm run which 

classifies the deformation differences to classes. In the 

following histograms, the x-axis represents the 

measurement residuals and the y-axis the classes 

depending on the deformation differences. 

The first testing scenario involved the parameters 

unchanged, ie same point density of 1mm in both clouds at 

t1 and t2, no registration error and comparison of clouds 

performed from epoch t2 to epoch t1 (cf. Table 2). The 

majority of the implemented algorithms and their 
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variations succeeded in detecting correctly the changes. 

Table 3 summarises the results of each algorithm by the 

mean and standard deviation of the change detection. 

 
Fig.3. The simulated deformation by the moulded 

plasticine. 

 

 
Fig.4. Registered point cloud with reflective 

targets for georeference. 

 

Table 3. Statistics of results (testing scenario 1). 

Algorithm 

 
Mean (m) Stand.  

Deviation (m) 

NN 0.002 0.008 

NN /local model. 

 - plane  

- triangulation 

- quadratic 

- 

0.001 

0.002 

0.001 

 

- 

0.001 

0.001 

0.001 

Normal shooting 

- (5, 10) 

- (5, 300) 

- (300, 10) 

- (300, 50) 

- 

0.003 

0.010 

0.002 

0.002 

- 

0.002 

0.008 

0.001 

0.001 

ICP   

- (voxel 0.01) 0.001 0.000 

- (voxel 0.02) 0.001 0.001 

- (voxel 0.05) 0.001 0.000 

- (voxel 0.1) 0.010 0.008 

 

Only two variants, the Normal Shooting (5, 300) and the 

ICP (voxel 0.1m) gave slightly worse results  Specifically, 

the algorithm of normal shooting gave unsatisfactory 

results when there were large number of nearest points on 

the compared cloud (i.e. 300) and small number of points 

(i.e. 5) from which the normal is calculated (Fig. 5a). Also 

the ICP algorithm failed to identify in detail the changes 

due to the large size of the voxel (Fig. 5b). When the ICP 

divides the space into large sub-cubes (voxels) it reduces 

the sensitivity of the algorithm making it more difficult to 

locate small deformations. When the voxel size was 

decreased, the results were better. This is also indicated in 

Table 1, where it can be seen that the majority of the 

algorithms produced a mean of less than 5mm which is 

within the noise level of the measurements.  The plasticine 

colour had no effect at the obtained results.  

 
Fig. 5a. Erroneous detected changes by  Normal 

shooting (5, 300). 

 

 
Fig.5b. Erroneous detected changes by ICP (voxel 

0.1m). 

 

The second testing scenario involved one parameter 

changed, the point density, and the other parameters 

unchanged, i.e. no registration error and comparison of 

clouds performed from epoch t2 to epoch t1 (cf. Table 2). 

The surface sampling or point density can be a case of 

misalignment for the algorithms. Theoretically when 

surfaces are scanned with low resolution, worse results are 

obtained. As surfaces have fewer points, point 

correspondences are found with low precision.  

Specifically, the point clouds at t1 and t2 epochs had 

dissimilar point densities, varying from 1mm, 5mm and 

10mm. At the tenfold level of difference (i.e., 10mm for 

the point cloud at t1 and 1mm for the cloud at t2) the 

algorithms could still detect the changes but the results 

were much noisier as indicated by the respective 

histograms (Fig.6). 
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(a) Same point densities (1mm at t1 and t2 epochs). 

 

 
(b) Different point densities (10mm at t1, 1mm at t2). 

 

 
(c) Histogram of results using same point densities 

(1mm at t1 and t2 epochs). 

 

 
(d) Histogram of results using different point densities 

(10mm at t1, 1mm at t2) 

Fig. 6. Results of the ICP  algorithm (voxel 0.02m). 

 

Fig. 6 depicts an example of the change detection 

performed by the ICP (voxel 0.002) and their respective 

histograms for when the point densities are the same in the 

two comparing clouds (Fig 6a, c) and for when the point 

densities are different, 10mm for the point cloud at t1 and 

1mm for the cloud at t2 (Fig. 6b, d). Whilst the mean is in 

the same order (0.002m vs. 0.005m) as shown in Fig.6c, d, 

the standard deviation is affected (0.0008m vs. 0.0015m). 

The change in point density introduces higher noise in the 

point correspondence.  In general, the results from all the 

algorithms showed that all point-to-point algorithms had 

slightly worse accuracy than point-to-plane algorithms 

because the plane interpolation decrements the effects of 

the sub-sampling with the NN algorithms having the best 

performance (i.e. low mean and standard deviation). 

Table 4. Statistics of results ( testing scenario 3). 

Algorithm 

 
Mean (m) Stand. 

Deviation (m) 

NN 0.004 0.00138 

NN /local modelling 

 - plane  

- triangulation 

- quadratic 

- 

0.002 

0.004 

0.003 

- 

0.00160 

0.00153 

0.00174 

Normal shooting 

- (5, 10) 

- (5, 300) 

- (300, 10) 

- (300, 50) 

- 

0.006 

0.010 

0.004 

0.004 

- 

0.00285 

0.01152 

0.00153 

0.00152 

ICP   

- (voxel 0.01) 0.003 0.00151 

- (voxel 0.02) 0.003 0.00134 

- (voxel 0.05) 0.005 0.00191 

- (voxel 0.1) 0.006 0.00218 

 

The third testing scenario involved one parameter 

changed, the registration between the two clouds, and the 

other parameters unchanged, i.e. same point density for 

clouds at t1 and t2 epochs and comparison of clouds 

performed from epoch t2 to epoch t1 (cf. Table 2). The 

registration of the point clouds is a significant parameter 

and can affect the detection of possible changes and can 

lead to false results. 

As already mentioned, the initial registration was in the 

order of 2mm. At this experiment a deliberate error was 

introduced in one of the external targets that were used in 

the registration process. Thus, the resulting accuracy of the 

registration was 0.022m.  It was noticed that all algorithms 

could not detect the change simulated by the white 

plasticine, meaning that changes below 1cm were 

undistinguishable (Fig.7). Fig. 7 presents an example of 

the change detection by the algorithms Normal Shooting 

(5, 300) and the ICP (voxel 0.02). These two algorithms 

were chosen because they had better statistics compared to 

the others, as seen in Table 4. As seen, the white placticine 

on the right has not been detected at all (Fig. 7a, b). As 

expected, the histograms are noisier (Fig. 7c, d) and the 

statistics of the executed algorithms are affected by the 

registration error. 

The fourth testing scenario involved one parameter 

changed; the comparison of clouds was performed from 

epoch t1 to epoch t2. The other parameters remained 

unchanged, i.e. same point density for clouds at t1 and t2 

epochs and no registration error (cf. Table 2). 
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(a) Normal shooting (5, 300) with  intentional error 

in registration. 

 

 
(b) ICP (voxel 0.02) with intentional error in 

registration. 

 

 
(c) Histogram of results using Normal shooting. 

 

 
(d) Histogram of results using ICP. 

Fig. 7. Example of the effect of registration error on 

two algorithms: Normal shooting and ICP. 

 

The common approach in surveying applications for 

deformation detection involves the comparison from 

epoch t2 to epoch t1. Theoretically, there should be no 

differences in the absolute value of the results assuming 

that all other parameters of the experiments were kept 

identical (as in the first experiment). Whilst all the 

algorithms achieved detection of the simulated 

deformations, there were differences in the values 

compared to the respective results of the first testing 

scenario (cf. Table 2). The differences were observed in 

the detection of the plasticine of the biggest sizes. The 

largest differences were observed with the NN algorithms 

(Fig. 8) and were in the order of 1-2 mm (Fig. 9), while 

the normal shooting and ICP algorithms had insignificant 

differences. 

 

 
Fig. 8. Comparisons between deformed  and 

undeformed  point clouds using the NN approach. 

 

Fig. 8 depicts schematically the behaviour of the NN 

approach. In the case of comparing the deformed 

(collected at epoch t2) with the undeformed cloud 

(collected at epoch t1) the nearest neighbour distance is 

calculated as shown by the grey coloured arrow. In the 

opposite case, the nearest neighbour distance is calculated 

as shown by the black coloured arrows. This is also shown 

in the results of Fig. 9 where the magnitude of the 

deformations is indicated by the coloured error bar. It is 

seen that the deformation of the section that has been 

circled in both 9(a) and 9(b) figures has been estimated 

differently with a maximum discrepancy of about 2mm. 

However, the smaller in size deformed areas did not 

exhibit the same differences by the NN algorithm. 

Fig. 9 depicts schematically the behaviour of the NN 

approach. In the case of comparing the deformed 

(collected at epoch t2) with the undeformed cloud 

(collected at epoch t1) the nearest neighbour distance is 

calculated as shown by the grey coloured arrow. In the 

opposite case, the nearest neighbour distance is calculated 

as shown by the black coloured arrows. This is also shown 

in the results of Fig. 9 where the magnitude of the 

deformations is indicated by the coloured error bar. It is 

seen that the deformation of the section that has been 

circled in both 9(a) and 9(b) figures has been estimated 

differently with a maximum discrepancy of about 2mm. 

However, the smaller in size deformed areas did not 

exhibit the same differences by the NN algorithm. 
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(a) Comparison between undeformed (epoch t1) with 

deformed (epoch t2) point clouds. 

 

 
(b) Comparison between deformed (epoch t2) with 

undeformed (epoch t1) point clouds. 

 

 
(c) Histogram of comparison results between 

undeformed (epoch t1) with deformed (epoch t2). 

 

 
(d) Histogram of comparison results between 

deformed (epoch t2) with undeformed (epoch t1) 

point clouds. 

 

Fig.9. Results using the NN algorithm between the 

deformed and undeformed point clouds. 

 

 

V. DISCUSSION 

 

From the results of both the simulated and real data it 

can be deduced that all algorithms were able to identify 

the changes. Consistently, the algorithm with the smallest 

errors was the NN/ local modelling and the ICP algorithms 

(for the ICP up to voxel size 0.05). Regarding the other 

algorithms, the NN algorithm is the simplest and the 

fastest but was inaccurate for small changes. It is also very 

dependent on the point density variations between scans as 

it does not consider any implicit or explicit surface, but 

only points. It can be used to provide a quick and rough 

evaluation of what has changed. The NN/local modelling 

algorithm offers better accuracy from the NN algorithm 

but is slower in terms of computing time. The Normal 

Shooting algorithm takes into consideration the 

geometrical characteristics of the object but introduces 

high levels of noise as it is very sensitive to point sampling 

variations between scans.   

The NN/local modelling algorithm avoids any point 

sampling issues because it tries to model the surface 

locally.  For each point of the first cloud, once the nearest 

point in the second cloud has been determined, a set of its 

nearest neighbours is extracted. With this set, a local 

surface model is computed (e.g. a least squares plane, a 

Delaunay triangulation, a spline surface etc) and the 

distance from the point of the first cloud to this surface 

patch is computed. The point-to-plane solutions were 

shown to be stable in all the experiments. This is expected 

because the overlap between the scans was kept high and 

the registration remained within few cm. These types of 

conditions are usual for laboratory experiments but are 

unlikely to happen in real applications. The ICP algorithm 

has shown to be the most robust to noise and density 

variations when compared to the aforementioned 

algorithms. The overall results propose that point-to-point 

(i.e. ICP variant used in this work vs. NN/local modelling) 

is slightly more accurate than point-to-plane solution (cf. 

Table 3). 

From the simulated data results it was shown that the 

comparison of two data point cloud sets (i.e reference 

surface and deformed surface) requires that the size of the 

reference cloud should be at least the same or preferably 

larger from the deformed one. This is because the 

algorithms cannot distinguish between false point 

correspondence and real deformation at the borders of the 

clouds and may produce inaccurate results. Also, the point 

density of the reference cloud should be at least the same 

or preferably larger from the density of the deformed one 

as this may affect the search correspondence of the 

algorithms by introducing noise in the data. 

The technical characteristics of the terrestrial laser 

scanner also can affect the accuracy of the estimated 

deformation. The sensor has two important features, noise 

and field of view, which can have an influence on the 

performance of the algorithm. Indeed, sensors with 

different noise levels may cope better with the algorithms 

or the one employed in this work may work better with 

variants of the examined algorithms. Furthermore, the 
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field of view and the point density profile of the sensor 

inside its field of view can have a huge influence on the 

algorithm performance as those characteristics govern the 

overlap and the possibility of multiple pairings between 

scans. For example, it was shown in this paper that it was 

not possible to detect changes or deformations below the 

single point precision of the scanner. 

All the examined algorithms, as was shown in the third 

testing scenario, depend critically upon the accuracy of 

geometric registration of the two clouds.  This is not 

unexpected because most existing algorithms expect a 

single model for the two surfaces being aligned. Such an 

assumption is good for practical reasons because the 

algorithms enable optimization to simultaneously find the 

best transformations for all points. However, a surface 

comprises different materials and may undergo different 

kinds of changes /deformation and in such cases multiple 

deformation models might be more useful. The main 

difficulties of doing so are the need for surface 

segmentation, constraints between adjacent models, and 

approaches to merge registration and deformation results. 

This requirement opens a future direction in this work. 

 

VI. CONCLUSION 
 

This work has presented a direct cloud-to-cloud 

comparison framework for change detection and has 

shown comparison tests for a number of algorithms. 

Experiments performed have shown the main 

characteristics of each algorithm and experimental results 

are reported to determine the best performance  in the 

presence of noise and outliers, providing a useful guide for 

the interested user dealing with change/deformation (from 

few mm up to few cm) for small and smooth surfaces 

about 3-4m
2
 of area.  

In practice, all the examined algorithms gave similar 

results. Also, the overall results proposed that point-to-

point algorithms gave slightly more accurate solutions 

than point-to-plane solutions with the latter being slightly 

more stable. 

The comparative performance of the examined 

algorithms must be evaluated quantitatively in different 

environments and different surfaces, otherwise those 

interested in monitoring changes in a specific environment 

may not achieve the results obtained in the experiments 

shown here. In addition, a better analysis of the effects of 

various kinds of noise and distortion would yield further 

insights into the best algorithms for real-world, noisy 

scanned data. 
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