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Abstract

Symmetry, especially repetitive structures in architectu
are universally demonstrated across countries and cudture
Existing detection methods mainly focus on the detection of
planar patterns from a single image. It is dif cult to apply
them to detect repetitive structures in architecture, \Whic
abounds with non-planar 3D repetitive elements (such as
balconies and windows) and curved surfaces. We study the
repetitive structure detection problem from multiple iraag
of such architecture. Our method jointly analyzes these im-
ages and a set of 3D points reconstructed from them by &
structure-from-motion algorithms. 3D points help to rec- @) (b)
tify geometric deformations and hypothesize possibletatt  Figure 1. (a) Lattice detected by our method with curved surfaces
structures, while images provide denser color and texture and non-planar repetitive elements. (b) Top: the recti ed image.
information to evaluate and con rm these hypotheses. In The non-planar repetitive element makes the recti ed image asym-
the experiments, we compare our method with existing al-metric. Bottom: the reconstructed 3D points are sparse and noisy.
gorithm. We also show how our results might be used to
assist image-based modeling.

Some examples of such buildings are provided in Fidure
Focusing on these challenging data, we study repetitive
structuredetection from multiple images of the same scene.
We employ the structure-from-motion algorithm to recon-
Repetitive structures are commonly observed in archi- struct 3D point cloud from these images. There are two
tecture. They can be utilized in architecture modeling nave ways for repetitive structure detectionbased on our in-
to achieve data completion, re nement or compression asput. First, we might rectify these images and detect repeti-
demonstrated in recent worka1] 31]. However, it is a dif- tive pattern in the recti ed picture with conventional meth
cult problem to detect these structures automatically. ods. However, as shown at the top of Figurgb), the
Existing works on symmetry detection mainly focus on hon-planar repetitive elements (e.g. the red balconiegico
the detection of planar patterns from a single 2D image. Make the recti ed image asymmetric. Second, we might ap-
There is a series of works, e.g.4 16,11, 9, 22, 23,12, 2], ply 3D symmetry detection methods, e.g4[19, 5], to the
to categorize and detect symmetries. When the repetitivereconstructed 3D points. However, our points are too sparse
structure lies on a curved surface, the detection is compli-and noisy, as shown at the bottom of Figirg), to apply
cated by the deformation of repetitive elements and their these methods, which require local geometric features such
lattice structure. To handle this problem, Hays et @]lahd as surface curvatures.
Park et al. 7] iteratively rectify the surface and detect a Hence, we propose to jointly analyze the reconstructed
lattice structure in the recti ed surface. However, this si points and the multi-view images for repetitive structuee d
multaneous estimation of deformation and lattice strctur tection. We rst identify repetitive 3D points according to
leads to complicated optimization. It is also dif cult to-ap  their image appearance in multiple views. We then estimate
ply them to non-planar 3D repetitive elements. the underlying surface of these points by assuming that they
Real buildings often contain 3D repetitive structures can be described by a ruled quadric model, and rectify it to
such as balconies and windows. They can lie on curveda plane to facilitate the analysis. Translation and re @cti
building facades, which makes the detection even hardersymmetry are hypothesized from the 3D points in the rec-

1. Introduction



ti ed surface, and then validated in the images to make it
robust to noisy 3D points. The detected repetitive strgctur
can help us to enhance the quality of the reconstructed 3D
points, which can bene t image-based modeling works like
[29, 30].

k i !
2. Related Works Figure 2. Detected repetitive points. Different groups of repetitive

. . points are visualized in different colors.
Many symmetry detection algorithms have been pro-

posed. Most of themZp, 14, 25, 15, 18, 11] focused on

planar patterns. These methods can be regarded as lopoints from multi-view images, our data are much sparser
cal or global according to their methodologies. Local ap- and noisier, which makes these methods unsuitable. By uti-
proaches liked5, 18, 15] extract a sparse set of correspond- lizing rich texture information provided by multiple image

ing features and hypothesize symmetry foci from pair-wise we can overcome the problem of sparse 3D points.

matches. These symmetry foci are then identi ed either via o work is also related to methods that exploit repetitive

some voting schemes in a Hough transform fashitn {¢] structures to facilitate architecture modelingiilir et al.
or exhaustive search in the parameter spacg [Global  [2(] analyzed the window patterns on a facade plane to gen-
approaches use autocorrelatiar]f the Fourier transform ¢ rate jts detailed 3D model. Korah and Rasmusséhde-
[11], or co-occurrence matrices(] for discovering peri-  tacted and removed occluding objects from images by repet-

odic patterns. All these methods share a common disadvanij e pattern analysis to generate clean texture maps. Nan e

tage in that both the repetitive elements and the underlying; [21] and Zheng et al.71] employed interactive methods
surface of these elements are assumed to be mostly at andy, jqentify repetitive structures in laser scanned points f
frontoparallel in the image. Hence, they can hardly be ap- 5, chitecture modeling.
plied to our data.

When a planar pattern is imaged from a slanted view- .
point, there is signi cant foreshortening effect. Cornsli 3. Overview
and Loy [f] proposed a method to detect planar bilateral
symmetry under such kind of perspective distortions. Wu
et al. [2§] recti ed images according to vanishing points
to facilitate repetitive structure detection. It is moreakh
lenging when the repetitive pattern lies on a curved sur-
face, which causes spatially variant deformation. Hays et
al. [9] iteratively recti ed and estimated the topological lat-
tice. This was further extended if]] with the mean-shift
belief propagation method to optimize the position of aH la

Starting from multiple images of the same scene, we rst
apply structure-from-motion algorithms,[13] to obtain a
cloud of 3D points. Typically, we get abo&©; 000 visible
3D points in each image (of resolutidl?00 800). An
example of this reconstruction is shown in Figar@). We
rst identify multiple groups of repetitive 3D points to es-
timate the underlying curved surface (See SectipnWe
rectify this surface to a plane to eliminate the geometric de

tice grids together. However, these methods require cempli formation of the underlying lattice structure. The appear-

cated optimization. Furthermore, they do not consider non-&1C€ variation of repetitive elements is implicitly harle
planar 3D repetitive elements, which are common in real by the SIFT feature descriptor which is more robust to vari-

buildings. In comparison, we utilize multiple images and 2tons than the NCC approach if, 7] and by the avail-

3D information from multi-view reconstructions for non- aPility of multi-views. We identify a lattice structure for
planar repetitive structure detection. each group of repetitive points. We then cluster and merge

There are also a number of methods to detect symmetry}hese rSesuItSs a?_d éepo[;t tthetm(;)st dor;1t|_nanttonetfor eaf:hhfur-
in 3D data. Pauly et al. 7] and Mitra et.al. [J esti- [ac€ (See Sectioh). Detected repetitive structure mig

mated symmetry of dense laser scanned 3D data by analyzpe applied to clean up the reconstructed point cloud as in

ing its geometric signatures such as curvatures and tangenE[m]' WSh'ChS'S rlglgfuléor |m_age—tbased mlogeltlng adppllca—
coordinate systems. In comparison, Bokeloh et 2).de- lons (See Sectiof). Experiments on real data and com-

signed a novel ‘line features' for symmetry detection. In parison with existing workq2] are provided in Sectiod.

a recent work, Bokeloh et al. 3] further applied the de-

tected symmetries for inverse procedure modeling. Combes4, Geometry Recti cation

et.al [5] computed the symmetry plane of bilateral objects

from laser scanned point clouds. Thrun and Wegbt&i} [ We begin by identifying 3D points with similar image
searched for symmetries based on a hierarchical generateappearance and estimating the underlying curved surface.
and-test procedure. All these works require dense 3D pointThe surface is then recti ed to remove geometric deforma-
clouds for symmetry detection. Though we reconstruct 3D tions so as to facilitate lattice detection .



4.1. Repetitive Points Identi cation

We use the SIFT features ] already extracted for 3D
reconstruction. We associate each reconstructed 3D point
with these features in multiple images where it is visible. ,
We exhaustively check all pairs of SIFT descriptors from R
different 3D points. Repetitive points are identi ed if the
angle between their descriptors is smaller than athreshoIdF. 3s f(a) tted t il f(b) fitive 3D point

N (20 degrees, in our implementation). Igure o. surtace tted to mulitiple groups ot repetiuve points.

We consider the matching of repetitive points as an
equivalence relationship. In other words, if two pointstbot
match with a third point, we also consider these two points | ) ; . : .
as matched repetitive points. At the end of this step, we iterative fashion. In each |t_erat|on, we rst x atl; to esti-
have repetitive 3D points in different groups according to mateS andthen xS to estimata; for each group respec-

their image appearance. Some of the detected repetitivéively' Both estimations only invo!ve alinear eq.uatic_)n.and
points are shown in Figur2. Points from the same group t_he WhOIe Process converges quickly. We begin this .|tera—
are marked in the same color. tive tting by letting d; equal to zero. Some surface tting

results are illustrated in Figui2 These surfaces are then
4.2. Structure Estimation recti ed to a plane to facilitate the analysis.

allows the surface of different groups to differ from each
other by a translation. This minimization is solved in an

These repetitive points could lie on a curved surface, . . .
which causes geometric deformation of the lattice strectur 5. Joint Repetitive Structure Detection
and complicates the detection. We recover and rectify this  we jointly analyze the reconstructed point cloud and
surface to facilitate the detection. We assume this suiface mylti-view images for repetitive structure detection. Véeu
either a plane or a ruled quadric, which is true for most real 3p points to initialize repetitive structure hypotheses an
buildings. verify them in images. Note that after we rectify the curved

We apply RANSAC [] to t either a quadric or a plane  syrface, like in the case of the Rome Colosseum example,
to each group of 3D points and select the model with most the original rotational symmetry becomes a translational
inliers. For every nine sampled points that pass the degensymmetry. Hence, we only consider points that are related
eracy testing, we t a quadric using the normalized linear py translations or re ections in the recti ed surface. This
solution. The quadriC is further converted to its canonical treatment of rotational Symmetries is more genera| tha tha
form and classi ed into ruled quadric, degenerate quadric jn [24], which estimates a 3D rotation axis and an angular

and general quadric based on rough rank estimation. Wejnterval and cannot handle elliptic cylinders like the Rome
keep only ruled quadrics to describe points on curved sur-Colosseum example.

faces, and the rest will be described using planes.

Different point groups (e.g. different corners on the 5.1. Translational Lattice Detection
repetitive balconies) often lie on S|m|Igr surfaces thdt di We rst detect the underlying lattice for each group of
fer from each other by a small translation. We cluster these _ . We th lid h | h h

roups together. Ruled quadrics and planes are cIusterego!nts' e then consol ate these results to choose the most
9 L . . reliable parametric model for all grougs; g2;  ; gy that
separately. For this clustering, we simply stack all the 16
. : share the same surfaBe
elements i or the normal of the planes to characterize a

group. Two groups are clustered together if their 3D point | attice initialization  The 2D lattice structure is charac-
constellations are close in space and their normalized paraterized by its two basis vectors. In the recti ed surface, we

metric model vectors span an angle less than(We x it check all pairs of repetitive points within a group, and com-
at 2 degrees in our implementation.) _ pute a translation between each pair. Avedattice detec-

The surface tting can then be re ned from multiple tjon s to select the highest two local peaks in the histogram
groups. Suppose the groups g>;  ;gv are clustered - of these translations as the basis vectors. However, its per
gether. We re ne the surfacg, a ruled quadric or a plane,  formance is poor because the reconstructed 3D points are
by minimizing the following objective function quite sparse and noisy. We treat these local peaks as candi-

date basis vectors and verify them according to the images
XX ) . . . .
R(p di:S): (1) as detailed below. An example histogram is provided in the
i1 p2g; rst row of Figure 4.

Here,R(x; S) is the algebraic distance between a 3D point Lattice validation To verify a basis vector, we select a
X to the surfaces. d; is a translation in 3D space, which 3D point as reference. Multiple grid points can be predicted
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Figure 6. The red cross is a reference 3D point. Blue and white
circles indicate valid and invalid grid points. The grid is extended
one row in the top. Only one of the extended grid points is valid.

L), |

Hence, instead of using the number of valid grid points, we
use the ratio between this number and the total number of

detected lattice from this raw histogram. Bottom row: the image all reference points is de ned as the image validation score
validation score of pairwise translations and the detected lattice Of a basis vector. To decide this boundary, as illustrated in
from this score. In both rows, the two selected lattice basis vectorsFigure5, We search for two farthest reconstructaagrid
are circled in red. Note that in the original histogram space, one of 3D points located on both sides of the reference point in
the correct basis vectors has very low vote. the feature group. We consider a point to be on-grid if the
distance between it and certain grid point is smaller than a
___________ thresholdT; (10% of the basis vector length). Starting from
’¢ these two initial points, we move them away from the refer-
ence point along the line until a signi cant portidn (50%
in our experiments) of the grid points within them are in-
valid. We then trim all the invalid grid points at both ends
to obtain the grid's boundary.
E E After calculating an image validation score for all candi-
camera 1 camera 2 date basis vectors as shown in the second row of Figure
Figure 5. The red cross is a reference point. Blue and white circleswe can choose two of them to form the lattice structure. We
indicate valid and invalid grld pOintS. The SIFT descriptor of each sort these vectors in descending order of their |engthsy and
point is obtain from its own most frontoparallel image. The two analyze them from top to bottom of the queue one by one.
green cross are the two farthest reconstructed points on the grid,A vector with longer length is discarded, if it can be repre-
which help to decide the width of the grid. . S '
sented as an integer combination of the rest of the queue. If

two vectors are along the same direction, we only keep the

on the line passing through the reference point along the di-one with higher score. Finally, we select two vectors with
rection of that vector. We compare the SIFT descriptors of highest score from the remaining ones.

these grid points to that of the reference point. If the angle
between them is smaller/larger than, !, we consider the  Lattice bundary estimation Once the two basis vectors
grid point is valid/invalid. To handle appearance variatio are selected, we proceed to generate the lattice grids. The
caused by foreshortening, the SIFT descriptor of a point is main challenge here is to decide a precise boundary of the
computed in its most frontoparallel image, which is the one lattice. We start from a 3D point and expand the grid by one
where the line connecting the camera center and that pointow/column at a time, as shown in Figuse If the propor-
is closest to the local orientation of the curved surfaces Th tion of invalid points in an expanded row/column exceeds
is illustrated in Figuré&, where the red crosses are the refer- the signi cance threshold,, we stop and try to expand
ence points, blue and white circles are valid and invalid gri along the other directions. The lattice is nalized once all
points. The SIFT descriptors of the reference point and thefour directions cannot be expanded.
grid points are computed from different images. ' o o -

For each basis vector, we exhaustively check all refer- Lattice consolidation In real buildings, all the repetitive

ence points and de ne its image validation score as the totalPiNt groups on the same curved surface (e.g., different
number of valid grid points. However, this score de ni- 9roups of repetitive corners on balconies) share the same

tion can be biased by directions with large number of rep- lattice structure. Hence, we can consolidate the detection
etitions, e.g. the vertical direction in tall building fates. ~ @mong these groups and generate one nal result for each
surface. We form multiple clusters of lattice structuresoT
1we use a looser threshold than the one in the detection ofitiepe lattices are clustered together if the difference betwkein t
3D points. translation vectors is smaller than the threshibldAmong




grid is selected from our consolidation.

these clusters, we only keep the one with the largest num-
ber of lattices. An example of this consolidation is shown

in Figure7, where the biggest four clusters are shown. The

number of grids in a cluster is shown at the upper-left cor-

ner. For this example, we nally choose the right most clus- =4 BEY

ter. Figure 9. Lattice structures detected on multiple buildings. The
images are two views from the same data sequence.

5.2. Local Re ection Symmetry Detection

After the lattice detection, we can look for local re ec-

tion symmetries on the lattices. Lik&d], we only consider ng;;.ﬁ; ) n
re ection symmetries in the “vertical' direction, whichtise _yg %‘% : | g
direction of one of the two lattice basis vectors. We choose t‘g%gﬁ m < !
the one that is closer to the up direction of the input images. " g{ﬁ’!jﬁ gw
PR e

Re ection axis estimation We exhaustively check all the
vertical axes in the recti ed surface. All 3D points used
to t this surface are used to vote for the right axis. For
each candidate axis, we compare the SIFT descriptor of a
3D point with that of its mirrored point according to the
axis. This pair of points is considered as valid if the angle b

between their SIFT descriptors is smaller tttan. Again, . _(a) (b) o

both descriptors are obtained from their most frontoparal- F'9uré 10. Point clouds before and after consolidation. (a)

. . . . shows the original points computed by our implementation of the
Iel.lmages' We build a hlstqgram of the number'of valid structure-from-motion algorithm. (b) shows the consolidated point
pairs for all axes. If only a single dominant peak is found

. . . . ) clouds tiled over the estimated grid. These two examples corre-
in this histogram (i.e. the second highest peak is lower snonging to the buildings in the third row in Figurgand the rst
than half of the highest one), we choose it as the re ec- (o in Figures respectively.

tion axis. Otherwise, there exist multiple valid axes. The
horizontal interval between two neighboring axes should be , .
the same as that between two lattice poifit.[Hence, we ~ M0deling. Here, we only apply the translational symme-

fold the giginal histogram according to this interval,.i.e try to demonstrate this idea. We extract and align multiple
H (k) = =k T (i), whereT is the interval, and nd blocks of 3D points according to the underlying lattice to

the strongelstkpeak in the folded histogram to locate alkthes generate more comp_lete and denser results. A” 3D points
axes. projected within a lattice cell form a block. Multiple blogk
are extracted at different cells and aligned according¢o th
Symmetry boundary estimation For each detected sym- lattice periodicity. We further apply the iterative closes
metry axis, we set the boundary of the associated region agoint (ICP) algorithm [] to re ne the registration. Plane
the bounding box of its valid point pairs. In the case of tting and outlier removal could be applied subsequently.
multiple repetitive symmetry axes, we compute a common Figure10shows some point clouds before and after consol-
boundary for all axes in the “vertical' direction from their idation.
valid point pairs. Their width in the other direction is the
same as the interval between axes.

7. Experiments

. Point CI nsolidation
6. Point Clouds Consolidatio We evaluated our method on multiple buildings with 3D

Once the repetitive structure is identi ed, we can use itto non-planar repetitive elements. Some of the examples are
enhance the point cloud like ]] to facilitate image-based provided in Figure8. We used about 15 input images for
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Figure 8. Results of repetitive structure detection. (a) and (b) are thmteft and right most views of all input images. The detected
repetitive points are overlaid on the image (the same group of repetitiméspare visualized in the same color). (c) and (d) show the
detected lattice and local re ection symmetry respectively.

each exampfe As a rough average, our 3D reconstruc- different lattice that share the same basis vectors. Irethes
tion algorithm reconstructed about 100,000 points for eachexamples (especially the rst three rows), the repetitive e
example and 50,000 visible points for each image, which ements are clearly non-planar. Yet our algorithm still cor-
is quite sparse compared with the image resolution, aboutrectly identi ed the lattice. The detected re ection symime
1200 800pixels in our experiments. The rsttwo columns try is visualized in (d). The re ection axis is shown in green
of Figure8 show the left most and right most views of each and the boundary is indicated by a yellow box. Note that
building. The matched repetitive points are overlaid irsthe  our method works for images with multiple buildings, see
images, where points of the same color are from the sameFigure9. Furthermore, we apply RANSAC iteratively for
group. Typically, our program identi ed about 50 groups surface detection within a repetitive point group, repetit

of repetitive points on each example. The detected latticestructure on multiple similar buildings can also be detecte
is shown in (c). For each example, we provide a few (1-3) e.g. the rst example in Figuré2..

2This is not a guideline on the number of views that should be.use Additional results are reported in Figue. In these

long as reasonable reconstruction can be obtained, oneseaasufew as exam_p_les, (a) shows_one of th_e input image with detected
two views. repetitive points. (b) is the estimated surfaces. To demon-



8. Conclusion and Discussion

We present a method to detect architecture symmetries
from multi-view images. Our method jointly analyzes these
images and a cloud of 3D points reconstructed from them.
We t quadrics or planes to these 3D points to initialize
repetitive structure detections and verify these initili
tions according to images which contain dense color and
texture information. The tting works well most of the time,
though it confuses shallowly curved surfaces with planes
sometimes. Our method contains a humber of thresholds,
i.e. 1; 2;Tq1;T,, todecide if two SIFT features are similar,
and if two groups are close to each other. However, since we
apply them on normalized data, these parameters are easy to
set and they are all xed in our experiments. Thus, we con-
clude that the use of multiple views and joint analysis of 2D
and 3D information make the algorithm capable of handling
strate the potential in image-based modeling, we further challenging data.
manually create a mesh for one repetitive element accord
ing to its consolidated 3D point cloud This mesh is then
tiled over the lattice to generate the result shown in (d).

'. ':‘.
(©

(a)
Figure 11. The rst row is the lattice detected by our method, and
the second row is that by’P]. (a)both methods detected correct
lattice. (b)our method detected partial lattice afd][detected
wrong lattice. (c)our method outperformed’] in this case.

(b)
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in the third row in Figurel2 and the rst row in Figures
respectively. Please refer to their pictures to verify the-g
metric details.
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