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Abstract— 3D models of the environment are used in numer-
ous robotic applications and should re ect the current state of e
the world. In this paper, we address the problem of quickly [E
nding structural changes between the current state of the +
world and a given 3D model using a small number of images. r’
Our approach nds inconsistencies between pairs of images by
re-projecting an image onto another one by passing through the =
given 3D model. This process leads to ambiguities, which we [
resolve by combining multiple images such that the 3D location
of the change can be estimated. A focus of our approach is
that it can be executed fast enough to allow the operation on
a mobile system. We implemented our approach in C++ and
released it as open source software. We tested it on existing
datasets as well as on self-recorded image sequences and 3D
models, which we publicly share. Our experiments show that
our method quickly nds changes in the geometry of a scene.

I. INTRODUCTION

Building 3D models of the environment is a frequently
addressed problem in robotics as they are needed for a wide
range of applications. For most applications that include
autonomous behavior, such models should correspond as
well as possible to the current state of the environment. Inig. 1. Our approach aims at quickly nding changes in the

case the environment changed substantially, existing mod&lavironment based on an existing 3D model and a sequence of
. L . - (currently recorded) images.
must be updated. For this purpose, the possibility of directin

a mapping or exploring robot directly towards the possiblgossible regions of change. To eliminate ambiguities, this
regions that have changed instead of repeating the whqgdgocess is executed for multiple image pairs. Typically, 4-
mapping process is advantageous. Therefore, it is importahtkeyframe images are sufcient to nd areas of change
to reliably identify locations in a 3D model that haveand then estimate the 3D location where the geometry has
changed. changed. Compared to existing approaches for visual change
In this paper, we address the problem of nding changegetection such as the work by Taneja et al. [20] or Ulusoy et
between a previously built 3D model and its current statgl. [22], our method is substantially faster towards execution
based on a small sequence of images (keyframes) records§l a mobile robot. Note that our approach only compares
in the environment, see F. 1 for an illustration. Two aSpeCﬁﬁ’]ages from the current sequence with each other, i.e., no
are important here: rst, we want to reliably locate changegurrent image needs to be compared to an old one. This
in the model and second, the approach should have a limite§hkes our approach robust to seasonal changes, weather
computational demand so that it can be executed on a mobdenditions, or any changes that are usually present when

platform, allowing an exploring or mapping robot to plan itstaking image sequences at two distinct points in time.
next action according to the location of change. Our approach

seeks to nd changes between the current state of the world The main contribution of this paper is a new and fast
and a previously recorded 3D model of the scene. For ndingPProach for identifying differences between an existing 3D
inconsistencies, we do not build a new 3D model from th&odel and a small sequence of images recorded in the
newly obtained image data and compare the result to ti&vironment. Our approach identi es the approximate area
existing one. Instead, we back-project the currently obtaine¥f change fast enough to be executed on a navigating robot,
image onto the 3D model and then project it to a viewWhich sets it apart from several related other techniques.
point at which another image of the current sequence h¥¥e identify inconsistencies by comparing the acquired im-
been taken. Through a comparison between the re-projectd@es to re-projected images that would have been obtained

images and the one observed in reality, we can identil?ssumlng the 3D model is correct, in combination with a
orward intersection of the potentially inconsistent regions.
All authors are with the University of Bonn, Institute of Geodesy and/g implemented our approach in C++ and tested it on both
Geoinformation, Bonn, Germany. L .
This work has partly been supported by the DFG under the grant numb§?|f'recorded and existing datasets. Our experiments show
FOR 1505: Mapping on Demand. that our method quickly nds the approximate location of
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the change in the scene and is fast enough to potentia
guide an exploring ground robot or UAV seeking to mapg
the changes in the environment. We publicly share both o¢
open source implementatland our own dataset including
the 3D mode[d

We make two key claims: our approach is able to (i
identify the location of changes in the environment, in th¢
form of 3D volumes in the world coordinate frame, using a
3D model and a sequence of images, and (ii) it is fast enough
to be executed on a mobile robot, i.e. analyzing a sequen
of keyframe images does not take longer than recording [
(e.g., a few seconds for a sequence of ve keyframe imageq§f

(a) Imagel 1 (b) Imagel 2

Il. RELATED WORK

Building 3D models can be an expensive process 4
it requires a good coverage of the environment [10] an@
potentially dedicated sensors or equipment. To reduce this(c) Re-projection of 1 ontol> (d) Inconsistencies
cost, it is important to identify, on an existing model, therig. 2: A pair of images, the rst image re-projected onto the
parts that have changed, and direct the exploration towarggcond, and the inconsistencies between them.

those locations. For this reason, 3D change detection is arp]_ h it proiects. E |  thi h th b
increasingly popular topic, see [13]. which it projects. Examples of this approach are the one by

Lélusoy et al. [22] or the one by Pollard et al. [11].

In the past, many 2D change detection algorithms hav S
been proposed [14]. Several of such methods are affectedAnOther relevant strategy that uses an existing 3D model
nd newly acquired images is to identify changes by re-

by lighting conditions, seasonal changes, weather condition%, octing i ¢ h other b — h th
and other differences that may occur between the recordirﬁ’éqe_c Ing Images onto each oiher by passing throug €
isting model and compare the inconsistencies in the re-

of the old and the new images. However, under certaiffSung i . : .

conditions, the 2D approach can still be useful, e.g. fOPrOJeCtIOH. Taneja et al. [20] use thl_s.te_chn.|que on pairs of
monitoring a tunnel surface, as proposed by Stent et al. [1é ages, and apply a.graph cu_t minimization FO Iabellthe
Another limitation of 2D approaches is that the image hanged area in 3D in a voxelized model. Th|§ technique
often do not provide information on the actual 3D locatior® a_l:_so eﬁe_ctlve for large scale_ change dgteptlon [21]. In
of the change. Sakurada et al. [16] try to overcome the dition, Qin et al. [12] combine the painwise detected

| timating th ilisti itv of th twcongistencigs by counting _the rays that _hit.gvery pixel for
problems by estimating the probabilistic density of the dep each image, in order to get rid of the ambiguities. They stop

from the old set of images and by comparing it with the the i level and d t estimate the 3D locati fth
depth computed from the new set of images. Eden et al. | anz;mage evel and do not estimate the ocation ot the

compare 3D lines in the images instead of using color of _ - . -
In this paper, we use a re-projection technique similar

intensity information. A more recent approach by Sakurada
Y PP y [20] and [12] to identify the changed regions in the

and Okatani [15] instead uses a deep convolutional neurd) Wi | biauities by fusi ltile i
network to detect changes in omnidirectional images. Alcanages. YVe resolve ambiguilies Dy Tusing muttiple images
R’;md introduce a fast way for estimating the rough location of
but they additionally combine it with a dense reconstructioﬁhange, in 3D. The whole process takes only a few seconds
for an image sequence. In contrast to that, state-of-the-art

technique. T .
Another approach to 3D change detection is to build gpproaches such as [20] or [22] have execution times in the
order of minutes. This paper extends our previous workshop

3D model from the new images through Multi-View Stereo . - :
and then compare the new model with the old one. Howevep2Per [9] presenting an optimized algorithm and an extended

this is often a rather time consuming activity. Golparvar-Fargs(pe”m(:"nt"’1I evaluation.

et al. [7] use this approach combined with a support vector ||| EasT IMAGE-BASED CHANGE DETECTION

machine classi er to obtain an updated voxelized model of ) ) ] )
the environment. Our approach aims at spotting areas in an environment that

A popular and effective approach is to infer the change'%ave changes with r(_aspect to a previously built 3D.model.
of the environment using a previously built 3D model andt d0€S S0 by exploiting a sequence of around ve images
a sequence of newly acquired images. One way to achieffgough evaluating how the projections of image content
this is to maintain a voxelized model of the environment anf{OM ©né image to the model and back to another image

detect the probability of change in it by comparing the cololook Iike.. In terms of cqmputational demgnds, this process is
of a voxel and the color of the pixels in the images ontSubstantially more ef cient than generating a new, dense 3D
model and comparing it directly with the given one. The rst

1github.com/Photogrammetry-Robotics-Bonn/fakaingedetection step is to detect possible inconsistencies of an image with its
2www.ipb.uni-bonn.de/data/changedetection2017 neighboring images assuming that the 3D model is correct.


https://github.com/Photogrammetry-Robotics-Bonn/fast_change_detection
http://www.ipb.uni-bonn.de/data/changedetection2017

represents the content bf as seen from the view point b$

X X given the 3D model. Given that we know, from Eg} (2), the
view directionry, we compute the intersectioné between
the rays and the 3D model and projett onto the image

r : o plane ofl, to obtainl 1 » (see Fig[ Zc for a real example):
AT
X1 &, ~l; Xu 2 = P2X; 3)
1 21 2
I I2 whereP, is the camera projection matrix corresponding to

imagel . In this way, we obtain a new imade: » that can

be compared tb,. Since theexactposes of the cameras are
Fig. 3: Re-projection procedure. The gray rectangle represents tHBknown and the 3D model is not perfect, the point »
known 3D model, while the yellow square is a change not presefi@S an uncertainty represented by the covariance matrix
in the original model. Using two images, a poXt, not present ‘= x5 .xu »- TO consider this uncertainty, we compute,
in the model, is re-projected onto two pixels: 2 andx$, ». for every pixel ofl, the minimum Euclidean norm of the

intensity difference to each pixel f, , in a neighborhood
ij around the projected pixel. We compute the size of this
eighborhood by propagating the pose uncertainty, obtained
pile recording the images, into the image points (see
ec.[Tl-A). In detail, we search within th8 area given
by and select the pixel with the smallest difference:

After computing pairwise inconsistency hypotheses, we fué,g
them to eliminate the intrinsic ambiguities and estimate the
location of change by triangulation. Given that we look for"
inconsistencies between the 3D model and new images, o
approach only nds changes from images where the ra
corresponding to pixels intersect with the 3D model.

Note that we assume a good pose estimate for the camera. Dy, ,(i;j)= min jilo(i;j) 1u 20k i, (4)
We obtain the (approximate) location of the 3D model and Kl 2N i
the viewpoint of the images as described in $ec. |II-A belowwherei, j, k, | are pixel coordinates and the neighborhood

A. Camera Pose Estimate Nij is de ned as: )
.

Our algorithm requires an estimate of the viewpoints of _ ik .0k s .
the images w.r.t. the 3D model. We obtain this througlll\l‘?i = 8k 21y 2 [ i <d® ; (3
direct georeferencing fusing GPS, IMU, and visual odometry,
as described in [17]. The approach employs the iSAM®@hered? = 11:82 is the critical value of the 3 distribu-
algorithm, and provides uncertainty information about alfion corresponding to a probability of 99.73%, i.e. tBe
sensor poses in form of a covariance matrix. In case no GE®undary on the normal distribution. Finally, we normalize
information is available, approaches for camera to 3D mod& 1 2 to values betweef0; 1]. Fig.[2d shows the result of
localization such as [2] can be used, although we did ndhis procedure.
directly try that here. If there is no change in the 3D model between the
. . . acquisition time and the time when the images have been
B. Inconsistencies Between Image Pairs taken, all pixels inl; should correctly re-project ontb,.
Given the calibration matrix and the pose at which therherefore), andlq, » should be identical anB 5, » should
camera took an imagk, we can compute the projection of e small or equal to 0 for each pixel. If there is, however,
an arbitrary 3D poinXwong ONto the image plane resulting a change in the model, pixels corresponding to the change
in a 2D point at pixelx: re-project onto the wrong place in. Thus,D, » allows
us to identify the changes (as long as not all pixels in the
current images have the same RGB value, i.e. represent a
wherex is expressed in homogeneous coordinatesRmd  |arge homogeneous area)
K[Rj Rt]is the camera projection matrix computed from The process, however, has ambiguities. As Fig. 3 illus-
the calibration matrixK of the camera and the rotatidR trates, a single poinX . corresponding to a change in
and translatiort that transform the world coordinates intothe 3D model generates two pixel locations; » and
camera coordinates. x9, 5, in Dy 2, one corresponding to the changelinre-
By inverting Eq. [(1), we compute the ray from the projecprojected ontol, and one corresponding to the change in
tion center of the camera through the pixel to the 3D world., re-projected ontd. To eliminate this ambiguity, we use

This allows us to back-project each pixel bfonto the 3D multiple pair-wise image comparisons as described in the
model assuming the known intrinsic parameti§rsand the  following section.

rotation matrixR from the extrinsic parameters:

r = RTK Ix; 2)

X = PXword ;

C. Inconsistency Detection using Multiple Images

The ambiguity produced by the re-projection of an image
wherer is the direction of the ray in world coordinates.  onto another one can be eliminated by considering multiple

To detect inconsistencies between a pair of images consigthage pairs. Fid.]4 shows how a pixel belonging to the same
ing of the images$, andl,, we create a new imade, , that change in a third imagk; re-projects ontad, at two different



‘ regions. The whole procedure is repeated for every region
(of detected change).

To estimate the 3D volumes in which the changes occur,
we rst compute, for every region identi ed as a change, the
mean locatiorX; and spread in form of the covariancg
in the image. We then compute, for each change, a 3D point
X in the 3D world coordinates by triangulating the mean
location in each image [6]. Speci cally, we setup a system
of equations in the form

2 3

S(X1)P1
_ Y AX=0; with A=% : & Y
Fig. 4: Ambiguity elimination using multiple images. When re- v
prqje(_:tingl 1 andlg_ ontol,, iny one ray (thereforg one pixel) is S(Xn)Pn
coincident. The thicker red line represents that coincident ray. where A is a3n 4 matrix composed by8 4 blocks,
locations. It is important to note that one of the two point§ iS the number of images?; is the projection matrix

is mapped to the same location as a change detected by f@lative to imagel;, and S(x;) is the skew symmetric
projectingl1 onto I,. Thus, the pixels that re-project onto Matrix corresponding to the mean pixgl, in homogeneous

the same region of, from the other images represent thecoordinatea, i.e3.: 5 3
real change. Xt 0 Wi Vi

To localize the changes, we therefore compare an image %, = 4y, 9; S(X{)= 4w, 0 X¢9 (8)
with its m neighboring keyframe images. For each image Wi Vi Xt 0

we store an inconsistency imafBe resulting from the pixel- . . . .
. o . . . . We solve this system using singular value decomposition
wise minimum over all the inconsistency images obtained

from the neighboring images re-projected ohio and re_trieveX_ by taking t_he right-singular vector of
belonging to its smallest singular value (see [fig. 6a for an
Di(i;j) = minfDg ((i;j); 852 S(t)g; (6) example of triangulation). For each change in the image, we
additionally compute th& sigma pointsyt(k) (k=1:::K)
whereS(t) is the set ofm neighboring keyframe images of corresponding tax; and  and project the sigma points
lt. In our implementation, we typically use the four closesty the 3D space to estimate the region of change in 3D.
images in time td.. Fig.[§ depicts the output of E].|(6), for ysing the sigma points allows for a better propagation of a
m =1;2;and 3. Even though it is not easy to see in Hi§. 5Gaussian through a non-linear function than rst-order error
the noise in the total inconsistency image is substantiallyropagation, see [8] for details. To compute the 3D position
smaller when using more tham = 2 neighboring images. of the sigma points, we de ne for each image a plafe
Thus, we stick tom = 4, although usingm = 2 is  passing througlK with normal equal to the direction of the
theoretically suf cient. ray fy obtained through Eq[]2) fax,.
We de ne the plane in homogeneous coordinates as a 4-

dimensional vector:
The procedure explained so far enables us to identify the

pixels in each image where changes occur. For reliably com- R = rdt ; ()]
puting the regions of change, we rst Iter out the noise with

an erosion-dilation procedure, then apply a standard bordehere the last element= r{ X is the distance between the
following algorithm [19]. We discard all the regions with acamera andX. The projection ofka) on R, is the inter-
contour shorter than a threshold (in our implementation 50 pectionV () between the plane and the ray’ generated
for images with horizontal resolution of 500 px) to Iter out from Vt(k)- We computev ) by expressingg ) in Plucker
noise and ﬁhanggs th?t afehtoq small. T_hﬁ ”eXL stehp is dBordinates as a Iind-;gk5 joining the camera projection
associate the regions from the images with each other. Poe (k) .

do that, we comgute and compare h%e—saturation histogra-rEn%smerCt and a poinp = C + r ™ along the ray:

D. Segmentation and Data Association

region-wise and perform standard cross-correlation together L gk) _Ln _ Coop : (10)
with a simple geometric consistency check using the epipolar Lo Ci p
lines. From LE"), we compute the transposediBker matrix
E. Estimating the Location of Change
g g _ Ty = ko) Ln (11)
Once we obtain the segmented 2D regions and the associa- Lp O

tiﬁ” br(::tween them, "‘I’_e prr(])ceed to esFimﬂte the 3D Iocat]EOEWhereS(Lo) is the skew symmetric matrix corresponding to
the change. To simplify the notation in the remainder of t Iio- Finally, we obtainvt(k) as

section, the following equations will refer to a single change
in images, i.e. dropping an index referring to individual VEk) = T(Lﬁk)),&t: (12)



() (b) () (d)

Fig. 5: (a) The statue (here manually marked in green) is not in the model. (b) Inconsistencies between Dinzat)¢s(¢) Inconsistencies
between 3 imagesr( = 2). (d) Inconsistencies between 4 images £ 3). (e) Original image masked with the segmented area obtained
from the inconsistency image wittm = 3. (best viewed on screen)
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Fig. 6: (a) Example triangulation with ve images. The white lines are the back-projected rays and the white point represent the triangulated
point. (b) Sigma points projected in 3D. (c) The result of our algorithm, i.e. the 3D region where the change is. (best viewed in color)

We repeat this procedure for the sigma points from each. Qualitative Evaluation

mean and covariance matrix of the same region in every the (st experiment is designed to illustrate the capability
image. In this way, we can quickly estimate the approXias o approach to localize a change in 3D given a model and
mate 3D location of the change without computing a densg || sequence of images. . 7 depicts the results of the
reconstruction of the scene, see 6b. The mean and the qrithm on three different outdoor datasets, while Fig. 8
covariance of the position of these points represent the 33,y the results on three indoor scenes from the ScanNet
area where the change occurs, see [Fig. 6¢. dataset [3]. In all our tests, the localized 3D regions re ect
the actual position of the changes. This information can allow
an exploring or mapping robot to inspect the changed regions
The focus of this work is a comparably fast approach tén more detail and collect more observations to update the
identify changes in a given 3D model using a sequence gfeviously built model. Note that the exploration itself is not
new images. Thus, our experiments are designed to show tart of this work but it is enabled by it.
performance of our approach and to support the two claims o i
that we made in the beginning of the paper, i.e., our methof: Quantitative Evaluation
(i) can localize changes in the environment using a 3D model To provide a guantitative evaluation, we project the 3D
obtained in the past and a sequence of new keyframe imagessults of our approach onto the original 2D images in the
and (i) can be executed fast enough to run on an explorirgequence and we compare the 2D projection to a manually
robot, i.e., the average execution time should be in the orditbeled ground truth. To get the nal score for a dataset,
in which the sequence is recorded, here in the order of a feme compute the average score among all the images in the
seconds for around ve keyframe images. sequence. We use two different evaluation criteria. The rst
We perform the evaluations on own datasets, as weadine is theintersection over uniofloU), which is one of the
as on a subset of the ScanNet dataset by Dai et al. [3host commonly used metrics for image segmentation [5].
Furthermore, we use the dataset by Taneja et al. [20] the common approach is to compute the loU using bound-
provide a comparison with their method. Throughout aling boxes. However, since we are evaluating the changes
experiments, we use a sequencenof 5 images and for projected in a sequence of images, occlusions may happen
each image of the sequence, we compute the inconsistendiegween multiple changes and that makes it impossible to
with m = 4 neighboring images, i.e. for these sequencesvaluate the bounding box of a single change, see[Fig. 9
all the neighboring images. Before the execution of théor an example. Therefore, we compute the intersection
algorithm, we resize every image to a xed width of 5000ver union directly between the segmented ground truth and
pixels. the projected ellipsoid used to indicate the change in our

IV. EXPERIMENTAL EVALUATION
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Fig. 7: Results of our experiments on three different outdoor datasets. For each dataset, the top image shows the changes (here manually
marked in green), while the bottom image shows the 3D region, identi ed by our algorithm, where the changes are. (best viewed in color)

@ (b) ©

Fig. 8: Results of our experiments on three different indoor scenes from the ScanNet dataset [3]. For each dataset, the top image shows the
changes (here manually marked in green), while the bottom image shows the 3D region, identi ed by our algorithm, where the changes
are. (best viewed in color)

approach. As Fig. 10 shows, the intersection over union iBhis allows us to measure whether the change is properly
not always representative of the quality of our detection. loovered or not. In the case of Fig. 10 the coverage score is
this case, the algorithm successfully identi ed the chang&7%, meaning that the algorithm is able to detect the change
but the IoU score is only 44%. This results from the factippropriately.

that we correctly identify the location of change, but have i

a substantial discrepancy between the two shapes, as we/Ve tested our algorithm on ve self-recorded outdoor
only compute an ellipsoid. Thus, we additionally providedatasets. To also consider other datasets, we add|t|o.nally
the measurement aoverage(or True Positive Rate) of our US€d the ScanNet dataset by Dai et al. [3], which provides

results, i.e. the intersecting area between our detection afffloor scenes recorded with an RGB-D camera. Here, we
the ground truth, over the full area of the ground truthSelected 15 scenes, we removed some objects from the 3D

models and run our algorithm on a sequence of RGB images



@ (b)

Fig. 9: (&) The house does not occlude the lamp. (b) The lamp is
occluded: it is impossible to guess its bounding box.

(a) Evaluation on our outdoor datasets

Fig. 10: Result of our algorithm projected on the original image.
The statue (manually segmented from the image) is not present in
the model. The green ellipse is the projection of the result of our
algorithm on the image. (best viewed in color)

containing the missing objects. Fig. 11 shows the number of

datasets (on the y axis) over a certain threshold (on the x o ] )

axis). The blue dotted line is the 50% threshold, which is thE'd: 11: Quantitative evaluation of our algorithm. The plots rep-

one commonly used in the image segmentation literature [ sent the number Qf datasets on which our approach achieved a
core above a certain threshold.

On all our datasets and on 12 out of 15 ScanNet datasets,

the loU score is over 40%. This shows that our algorithm is ~ TABLE I: Average execution time for different datasets.

(b) Evaluation on the indoor ScanNet datasets

generally able to detect the position of the changes, although Dataset Average execution tme [s
with a signi cant approximation in terms of shape (given outdoor data 1.64 0.19
that we only compute the ellipsoid and not the exact 3D ScanNet (indoor) 1.95 1.08

: . all 1.88 0.94
structure). The coverage score, considerably higher, further
supports this claim. D. Comparison to an Existing Approach

Finally, we want to brie y compare our results with those
obtained by Taneja et al. [20]. The comparison is done

The next experiment is designed to support the clairhased on two of the datasets that they provide and report
that our approach runs fast enough for processing on am. We chose the “Speedcam” dataset, as it is the only
exploring robot. We therefore measured the execution timene for which the authors provide the ground truth, and
of our approach on a common, lightweight laptop with arthe “Structure” dataset, as it is the one that appears more
Intel Core i7 processor and an embedded Intel GPU. All theften in their paper. We created the ground truth for the
operation were executed on a single core of the CPU excegtcond dataset by segmenting the pictures manually, as it is
for the re-projection operations, which are implemented inot provided by the authors. Fig. 12 and Tab. Il illustrate
OpenGL and therefore executed by the integrated GPU dfe results of our algorithm on the datasets. Their approach
the Intel processor. Tab. | shows the average execution timises a computationally expensive graph cut labeling on a 3D
needed to process sequences of ve images from differemoxelization of the scene. Their method typically provides a
datasets as well as the standard deviation. The numbérore accurate estimate of the region of change (in the order
support our second claim, namely that the computations caf25 25 25cm?® voxels) than our estimate using the mean
be executed fast enough for operation on an exploring roband covariance.
On all datasets, the whole process takes less than 2 s, whichThe disadvantage of their method, however, is the com-
is shorter than the time needed to record the ve keyframputational demands as they require computation times in the
images. Even though the process is clearly not real-time inaxder of 1 min per region (reported by the authors [20]),
strict sense, it is fast enough to be executed on a real robotvelhiereas we can process the same datasets in about 1 sec-
a low frequency to trigger exploration or additonal mappingnd. Thus, for most robotics applications, where an online
actions. feedback is expected, our approach is better suited.

C. Execution Time



(a) Structure (b) Speedcam

(1]

(2]

(3]

(4]

(5]

(6]

(7]

Fig. 12: Results of our approach on the datasets by Taneja et al.

For each dataset, the top image shows the changes (here manually

marked in green), while the bottom image shows the 3D region,

identi ed by our algorithm, where the changes are. (best viewed in8

color)

TABLE II: Results for the datasets by Taneja et al.

Structure | Speedcam
loU 51% 52%
Coverage 86% 88%
Time [s] 1.43 1.13

(9]

[10]

To summarize, our evaluation shows that our method caq,
estimate the 3D location of changes in the environment. At
the same time, the algorithm is fast enough to be used by an

exploring robot to focus on the areas that have changed.

V. CONCLUSION

12]

[13]

In this paper, we presented a novel approach to identify
geometric changes between the current state of the envirqgm]
ment and a previously built 3D model using a short sequence
of images. Our approach operates by identifying the changggl
in the images by re-projecting them onto each other, passing
through the 3D model. We eliminate the ambiguities about

ible changes by combining the inconsistencies frohl16]
possi g y g
multiple pairs of images. We are then able to estimate the
locations of changes in 3D and identify the changed region
through a mean 3D point and a covariance matrix. The con[|1-7]
putational time of the whole process using multiple images

is in the order of seconds. We implemented and evaluated
) . 18
our approach on different datasets. The experiments sh&w

that our method can correctly identify the changes in the
environment with only ve images and a total computational1®]
time of less than 2 s, which make the algorithm suitable for

running on mobile robots.
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