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Abstract.  Structure-from-motion (SfM) is an important computer vi-

sion problem and largely relies on the quality of feature tracking. In im-

age sequencesjf disjointed tracks causedby objects moving in and out

of the view, occasional occlusion, or image noise, are not handled well,

the corresponding SfM could be signi cantly aected. In this paper, we
addressthe non-consecutive feature point tracking problem and propose
an e ectiv e method to match interrupted tracks. Our framework con-

sists of steps of solving the feature “dropout’ problem when indistinctiv e

structures, noise or even large image distortion exist, and of rapidly rec-

ognizing and joining common features located in di eren t subsequences.
Experimental results on sewral challenging and large-scale video sets
show that our method notably improves SfM.

1 Intro duction

Large-scale3D reconstruction [1{4] is a very active researd topic and nds many
practical applicationsin, for example,Google Earth and Microsoft Virtual Earth.
Recent work essetially relies on the SfM algorithms [5{7, 4] to automatically
estimate 3D features given the input of image or video collections.

Compared to images, videos usually contain densergeometrical and struc-
tural information, and are the main sourceof SfM in the movie and commercial
industry. A common strategy for video SfM estimation is by employing fea-
ture point tracking [8{11], which takescare of the temporal relationship among
frames. It is also a basictool for solving a variety of computer vision problems,
such as automatic cameratracking, video matching, and object recognition.

In this paper, we discusstwo critical and non-trivial problemsof feature point
tracking, which could seriously handicap SfM especially for large-scalescene
modeling, and proposenovel methods to addressthem. One problem is the high
vulnerability of feature tracking to object occlusions,illumination change,noise,
and large motion, which easily causesccasionalfeature dropout and distraction.
This problem makesdewveloping a robust feature tracking systemwith the input
of long sequencewery challenging.

The other problem is the inabilit y of sequetial feature tracking to cope with
feature matching over non-consecutive subsequencesl o our best knowledge,this
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Fig. 1. \Street" example. (&) The snapshots of the input videos containing around
23,000 frames. (b) With the matched feature tracks, we register many 3D points and
cameratra jectories in alarge 3D system. The cameratra jectories are di eren tly color-
coded. (c) Close-up of the recovered tra jectories and 3D points. (d) Superimposing the
recovered camera tra jectories onto a satellite image from Google Earth.

impact hasnot yet beenthoroughly studied in existing literatures. A typical sce-
nario is that the tracked object movesout and then re-erters the eld-of-view of
the camera.This yields two discortin uous subsequencesontaining the sameob-
ject. Although there are common featuresin the two subsequenceshey cannot
be matched and included in a single track using corvertional tracking methods.
Addressingthis issuecan alleviate the drift problem of SfM, which in turn bene-
ts high-quality 3D reconstruction as demonstratedin our experimertal results.
A naeve solution to this problem is to exhaustively seard all features. But this
consumesmuch unnecessarycomputation as many temporally far away frames
simply shareno content.

Our new feature tracking framework e cien tly addressesthe above prob-
lemsin two phases,namely consecutive point tracking and non-consecutive track
matching. We demonstratetheir signi cance for SfM estimation using a few chal-
lenging videos.Conseutive point tracking detectsand matchesinvariant features
distributed over consecutive frames. A new two-passmatching strategy is pro-
posedto greatly increasethe matching rate of the detectedinvariant featuresand
extend the lifetime of the tracks. Then in the non-conseutive track matching
phase,by rapidly computing a matching matrix, a setof disjointed subsequences
with overlapping cortent can be detected. The common feature tracks scattered
over these subsequencesan also be reliably matched.
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Our method can naturally handle feature tracking in multiple videos and
register sequencedn alarge-scale3D system.Fig. 1 shows a challenging example,
which contains 9 videos(about 23; 000framesin total) in alarge-scalescene(500
meters long). With our method, a set of long and accurate feature tracks are
e cien tly obtained. The computation time is only 1:3 secondsper frame with
our software implemertation (single working thread). Our system also greatly
improves SfM by registering videosin a 3D system, as shovn in Fig. 1(b). The
accuracy of SfM is veri ed by superimposing the recovered cameratra jectories
onto a satellite image from Google Earth, asshown in Fig. 1(d). Pleaserefer to
our supplemernary video * for the complete results.

2 Related Work

For videotracking, sequetial matchersare usedfor establishingcorresppndences
between consecutive frames. Kanade-Lucas-Tomasi (KL T) tracker [8,9,12] is
widely used for small baseline matching. Other advanced methods [11,13{15]
detect image local features and match them with descriptors.

Both the KLT tracker and invariant feature algorithms depend on model-
ing feature appearance,and can be distracted by occlusion, similar structures,
noise, and image distortion. Generally, sequetial matchers cannot match non-
consecutive framesunder large image transformation. Scale-irvariant feature de-
tection and matching algorithms [11,16,2] are e ectiv e in recognizingpanoramas
and in matching wide-baselineimages.But they are not easyto be usedin con-
secutive point tracking due primarily to the global indistinctiv enessand feature
dropout problemsin matching, which yield many short tracks.

In addition, invariant features are sensitive to large image distortion. Al-
though variations, such asASIFT [17], canimprove the feature matching perfor-
manceunder substartial viewpoint change,computational overheadsigni cantly
increasesowing to exhaustive simulation. In this paper, we proposea novel two-
passmatching method to solve this problem.

There is work using invariant featuresfor object and location recognition in
images/videos[18{22]. These methods typically usethe bag-of-words technique
to perform global localization and loop-closuredetection in an image classi ca-
tion scheme. To reduce the matching ambiguity, they generally suppressindis-
tinctiv e features. This operation is not suitable for producing long and accurate
point tracks.

Engels et al. [23] propose integrating wide-baselinelocal features with the
tracked features to improve SfM. The method creates small and independert
submapsover short periods of time and links them together via feature recog-
nition. This approad generally cannot produce many long and accurate point
tracks. Only short tracks are found insu cien t for drift-free SfM estimation in
our experiments. In comparison, our method is e ectiv e in high-quality point

! The supplemertary video can be downloaded from
http://www.cad.zju.edu.cn/home/gfzhang/
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track estimation. We also addressthe ubiquitous nondistinctiv e feature match-
ing problem in denseframes, and utilize track descriptors, instead of the feature
descriptors, to reduce computation redundancy:

3 Our Approac h

Given a video sequencel” with n frames, I" = f1;jt = 1;::;ng, the objective of
our feature tracking method is to extract and match featuresin all framesin

order to form a set of feature tracks A feature track X is de ned as a series
of feature points in images: X = fx;jt 2 f (X)g, wheref (X) denotesthe frame
set spannedby track X . Each invariant feature x; in framet is assaiated with

an appearancedescriptor p(x;) [11] and we denote all description vectorsin a
feature track asPx = fp(xy)jt 2 f (X)g.

Table 1. Overview of Our Method

1. Detect invariant features over the entire sequence.
2. Consecutiv e point trac king (Section 4):
2.1 Match features between consecutive frames with descriptor comparison.
2.2 Perform the second-passmatching to extend track lifetime.
3. Non-consecutiv e trac k matc hing (Section 5):
3.1 Use hierachical k-meansto cluster the constructed invariant tracks.
3.2 Estimate the matching matrix with the grouped tracks.
3.3 Detect overlapping subsequencesand join the matched tracks.

Our method has two main steps, i.e., consecutive point tracking and non-
consecutiwe track matching. The algorithm overview is given in Table 1.

Step 2 in Table 1 suppresseghe in uence of image noise and distortion in
feature tracking, which usually causespurious feature appearancevariation and
feature dropout in matching. We locate missing features (as well as the un-
matched ones)by a constrained spatial seart with planar motion segmeiation
asdescribed in Section4.2.

Step 3 is a non-consecutive track matching process.it rst usesa hierarchical
K-means method to cluster the obtained track descriptors. Basedon it, overlap-
ping con dence among hon-consecutive frames is measuredusing a matching
matrix, which helps robustly join common featuresin subsequencesThis step
is described in Section 5.

4 Tw o-Pass Matc hing for Consecutiv e Tracking

In the rst place, we usethe SIFT algorithm [11]to detect and describe image
features. We extract SIFT features from all framesin the input sequenceand
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match them among temporally adjacert frames. The matched features consti-
tute sequetial feature tracks. Note that previous KLT methods typically detect
featuresin the rst frame and then track them down consecutiely without the
invariant feature descriptor constraint. Our method, cortrarily , obtains not only
a setof feature tracks, but alsodescriptorsto represer tracks, which avail further
non-consecutive track matching.

We proposea two-pass matching strategy to e cien tly reduce false matches
causedby structure similarity and feature dropout due to image noise and dis-
tortion. The rst-p ass matching is usedto obtain high-con dence matches. In
the secondpass,tracks are extendedwith planar motion segmemation and con-
strained spatial seard.

4.1 First-P ass Matc hing by Descriptor Comparison

In this section, we discusstracking a feature X from I to l¢+; . It canbe gener-
alized to tracks spanning multiple frames. An invariant feature in | is denoted
as x; with descriptor p(x¢). To determine if there is a corresponding feature
Xt+1 With descriptor p(Xt+1) in 141, we employ the 2NN heuristic proposedby
Lowe [11].

Speci cally, we seard for the two nearestneighboring features of x; in I+
with respect to the Euclidean distance of the descriptor vectorsand denotethem
as N{” (x¢) and N2t+l (Xt). Their correspnding descriptor vectors are denoted
asp(N{™ (x,)) and p(N4** (x;)) respectively. The matching con dence between
x¢ and N{** (x;) is de ned as

_JiPINT™ () p ()il
GPINS () p(x)jj’

where ¢c measuregthe global distinctiv enessof one feature x; with respect to the
ratio of the smallest feature distance and the secondsmallestone.If c < ", we
assignXi+1 = N{*l (x¢) and mark thesedetected featuresasglohally distinctive.
In our experimerts, " is setto 0.7.

However, this metric is easily interfered by image noise, repeated structures,
and image distortion, which make it dicult to nd matchesfor somefeatures
ewven in the adjacert frames. This common problem usually results in breaking
a long track into seweral short ones. One example is showvn in Fig. 2. Given
an image pair, we detect 1; 246 features. Only 50 features can be matched by
descriptor comparison, as shavn in Fig. 2(a). In the next step, we propose a
spatial seardy method to help identify more matches.

1)

4.2 Second-P ass Matc hing by Planar Motion Segmentation

With a few high-con dence matchesin neighboring frames (I¢;1+1) computed
in the rst step, we use the RANSAC algorithm [24] to estimate the funda-
mental matrix Fy:+1 and remove outliers. For those unmatched features, it
is possible to seart for their corresppndencesalong the conjugate epipolar
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Fig. 2. Feature matching comparison. (a) First-pass matching by SIFT descriptor com-
parison. There are 1; 246 features detected; but only 50 matchesare found. (b) Second-
passmatching by planar motion segmenation. 717 new matchesare included; but quite

a number of them are outliers. (c) The nal result with our outlier rejection. A total

of 343 matches are retained. (d) The matching result by ASIFT [17]. 220 matches are
found.

Algorithm 1 Second-RissMatching

1. Usethe inlier matchesto estimate a set of homographiesfH .1 jk = 1;::;Ng by
Algorithm 2, and then usethem to obtain asetofrecti ed imagesf ¥jk = 1;::;Ng.

2. for ead unmatched feature x; in | do

for k= 1;::; N do

Find the best match x{,; by minimizing (2) with H{ ., .

end for

Find the best match x{,,l among fx{‘ﬂjk = 1;::;Ng which minimizes

St +1 (X¢). Further re ne xi.; to X, with the KLT tracking. If jiX(+1  X{s1 Jj

is large, reject this match.

end for

line Iyt +1 (Xt) = Fer+1 X¢. However, if signi cant image distortion exists, naive
window-basedmatching becomesunreliable. Also, an exhaustive seard is time-
consuming and ambiguous with many potential correspondences.To address
these problems, we propose a segmetation-based method (sketched in Algo-
rithm 1) to robustly identify missing matches.

We baseour method on the obsenation that many feature points undergo
similar motion. This allows computing inlier matchesto estimate a set of homo-
graphiesfH{ .3 jk = 1;:::; N g, which represer possiblelocal image transforma-
tion, asdescribed in Algorithm 2. We then rectify imageswith their homogra-
phies. This schemeis similar to that of [25] where a set of dominant sceneplanes
are extracted to generatea piecewiseplanar depth map. For an unmatched fea-
ture in image Iy, if its transformation towards l;+; is coincidert with any of
these homographiesafter recti cation, a match in I{,; can possiblebe found.
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Algorithm 2 Planar Motion Segmetation

1. Put all matchesinto a set

2.Fork=1;:5 Nmax, %Nmax is the maximum number of the homographies.
2.1 Use RANSAC to estimate homography HY ,; that hasthe maximum inliers.
2.2 Remove the inliers from . If the sizeof is small enough, stop; otherwise,
continue.

Incorrect homographiesare unlikely to yield high-con dence matches. To han-
dle illumination change, we estimate the global illumination variation Lt +1
betweenimagesl|; and I+1 by computing the averageintensity ratio between
the matched features.

With the image transformation HY ., we rectify I to (¥ sud that (¥ =
HE 41 (Lges1 1¢). Correspondingly, X in imagel is rectied to Rf where &{
HE 1 x¢ in (K. 1f RK largely deviatesfrom the epipolar line (i.e., d(R¥; It +1 (X¢)) >
5:0), wereject H ., sinceit doesnot describe the motion of x; well. Otherwise,
we seart for the match along the epipolar line by minimizing the matching cost

X
S+ (X)) = min @K+ y) N X0+ y)ji%; @3]
X02|t:t +1 (X‘)yZW

where W is a 11 11 matching window, and x° is in the local searding area
where jj*F  xYj < r (usually r = 15in our experimerts). The best match is
denoted as x{,; . With the set of homographiesfH ,; jk = 1;::;;Ng, we can
nd sewral matchesfx¥,; jk = 1;:::;Ng. Only the bestonei = ming St‘ft a1 (Xt)
is kept.

In casethe feature motion cannot be described by all of the homographiesor
the feature correspondenceis indeed missing in the other image, the computed
match is actually an outlier. Simply applying threshold S{;t + (Xt) < cannot
perform satisfactorily, asshawvn in Fig. 2(b). In addition, the best match may not
strictly lie on the epipolar line due to estimation error. We adopt the following
procedureto detect outliers.

Our strategy is to relax the epipolar geometry constraint and usethe KLT
method instead to locally seard the best match x,,, . The intuition is that
true corresppondenceproducesthe minimum matching cost locally; so searding
with and without the epipolar constraint should return the sameresult. We thus
calculate the distance betweenx,,; and xi,;. If jjx,,;  Xi,;]j is large (over
3.0 in our experiments), xi,; is consideredas an outlier; or else,x,,; is the
correspndenceof x; and its descriptor is setto that of x¢, i.e. p(X;41) = P(X¢)-

Applying this criterion e ectiv ely rejects most outliers, asshown in Fig. 2(c).
Comparedto ASIFT [17], our method adaptively estimates a set of dominant
homographies, without exhaustively simulating all views. So the computation
is much less.Besides,it is hard to apply ASIFT to consecutive point tracking
becausefeatures, after the simulation of viewpoint change, are no longer the
original SIFT ones.Our method has no sud problem.
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Most of the above steps can be performed hierarchically to yield high ef-
ciency. For a pair of images(resolution 640 480) with 1;196 features and 4
estimated homographies,the second-passnatching only requires0.4 secondwith
our software implementation.

The two-passmatching can also produce many long tracks as shown in our
supplemenary video. Each track has a group of description vectors, denoted as
Px = fp(xy)jt 2 f (X)g. Thesedescriptors must be similar to ead other in the
sametrack due to the matching criteria. We compute an average of them and
denote it as track descriptor p(X). It is usedin the following non-consecutive
track matching.

5 Non-Consecutiv e Track Matc hing

Giventhe invariant feature information encaded in tracks, we detect and match
featuresscattered over non-consecutie frames. The following processconsistsof
two main phases,namely matching matrix estimation and non-consecutive track
matching.

5.1 Fast Matc hing Matrix Estimation

To allow non-consecutie track matching, we rst estimate a matching matrix
for the whole sequenceo describe the frame overlapping con dence. Obviously,
exhaustive all-to-all frame matching is computationally expensive especially for
long sequencesWe proposefast estimation of the matching con dence among
di erent frameswith regard to the track descriptors.

In [26], extracted image descriptors are usedto construct a vocabulary tree
for fast image indexing. Note that our consecutive point tracking has already
clustered matchable features in sequetial frames. Instead of locating similar
features, we propose constructing a vocabulary tree basedon track descriptors
for nding similar tracks. This approac cannot only signi cantly reducethe size
of the tree, but improve the matching accuracy among non-consecutie frames
aswell.

We usea hierarchical K-meansapproad to cluster the track descriptors. The
root cluster cortains all the descriptors. It is partitioned into b subgroups by
the K-means method. Each sub-cluster consistsof the descriptor vectors closest
to the center. The sameprocedure is recursively applied to all subgroupsand
terminates when the variance of all descriptorsin a nal (leaf) cluster is less
than a threshold. The leaf clusters provide a detailed partition of all tracks.
We measurethe overlapping con dence between any two frames basedon the
descriptor similarity (depicted in Algorithm 3). The scoresare stored in the
matching matrix M, which is with sizen n. n is the number of all frames. The
con dence value betweenimagesl; and |; is savedin M (i; j).

All elemerts in M are rst initialized to zeros.In ead iteration of Algo-
rithm 3, M (i; ) is increasedby 1 if two features respectively in framesi and
j arein the sameleaf node of the tree. With the objective of non-consecutie
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Algorithm 3 Matching Matrix Estimation
1. Initialize M as a zero matrix.
2. For ead track cluster G¢ (k= 1;::;;K), % K is the number of the nal clusters.
For eadh track pair (Xy;Xy) in Gy, if f(Xy)\ f(Xy) =3,
Foranyi2 f(Xy)andj 2 f(Xy),

M (Ir J ) += 11
M (j; i) += 1.
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Fig. 3. Matching matrix estimation and non-consecutive track matching evaluation. (a)
Selected frames from the \w allpaper” sequence.(b) Computed matching matrix that
is linearly scaled for visualization. (c) Reconstruction result without non-consecutive
track matching. (d) With non-consecutive track matching, the 3D points and camera
motion are better estimated. The drift problem is also eliminated, as shown in our
supplemertary video.

frame matching, we exclude the casesthat two tracks in the samegroup span
common frames (i.e., f (Xy)\ f(X,) 6 ;).

For acceleration, we only select long tracks in the con dence estimation.
In our experiments, for a sequencewith 735 frames, the matching matrix esti-
mation only requires 6 seconds,with a total of 22,573 selectedfeature tracks.
Fig. 3(b) visualizesthe computed matching matrix from a video, besidewhich a
few selectedframes are shawvn. Bright pixels indicate high con dence. It can be
obsened that thesebright pixels are clusteredin di erent regionsin the match-
ing matrix, re ecting the content similarity among subsequencesn the input
video. The diagonal band has no value becausewe excludetrack self-matding.

5.2 Non-Consecutiv e Track Matc hing

We identify overlapped subsequenceby detecting rectangular regionscontaining

the brightest pixels in the matching matrix. Supposea rectangular region spans

[up; ue] horizontally and [vp; Ve] vertically, video subsequencesvith frame sets
1= fup;iiiuegand o = fvy; il veg are correlated.

Since the matching matrix is symmetric, we only consider either the upper
or lower triangle. We use the following method to estimate [up; Ue] and [vp; Ve].
In the beginning, we seard for the element My with the largestsimilarity value.
Then we seard for the maximum range|[uy; Ue] such that u, < i < ue and for any
t 2 [up;uel, My =My > , where is a threshold. [vy; ve] is computed similarly.
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Algorithm 4 Track Joining

1. Track Matching:
For i = up;::;;ue, /I onesubsequence 1

For j = wp;:; Ve, /I another subsequence »

Match featuresin I; and I; and join their corresponding tracks.

2. Outlier Rejection:
For joined tracks Xs (in 1) and X; (in »), if any of their feature pair f(x?;x})ji 2
f(Xs)\ 13 2 f(Xt)\ 29 do not satisfy the epipolar geometry constraint, the
match is rejected.

Finally, we set 1 = fup;:i;;ueg and , = fvy;::;; veg and set the corresponding
elemers in the matrix M to zeros.Soin the next round, we again selecta new
Mj from the updated matrix M to detect another subsequenceair for track
matching. This processrepeats until no high overlapping-con dence frames can
be found.

Given the estimated subsequencepair ( 1; 2), we reliably join tracks scat-
tered over these frame sets (described in Algorithm 4). For ead two frames, if
their two distinctiv e featuresx; and x}, belongingto Xs and X; respectively, are
matched using the method described in Section 4.1, we join tracks Xs and X
as well. To reject outliers, we apply the geometric constraint to chedk whether
all featuresin Xs and X; satisfy the epipolar geometry constraint, i.e., (xis;x})
consistert with a fundamertal matrix F; estimated with the potential matches
between frame pair (I;;1;) by the RANSAC algorithm [24]. If the two tracks
qualify, they can be safely joined.

The example shovn in Fig. 3 demonstrates the e ectivenessof our non-
consecutive track matching. We perform feature tracking and usethe SfM method
of [2] to recover camera posestogether with sparse3D points. In the rst part
of the experiment, we only usesequetiial tracks to estimate SfM. It is shown in
Fig. 3(c) that this scheme produceserroneouscamerapose estimate. Then we
perform non-consecutiwe track matching to automatically join commontracks. It
improves SfM, asshown in Fig. 3(d). The reconstruction quality can be assessed
by inserting a virtual object into the scene,as demonstratedin our supplemen-
tary video. When skipping the non-consecutiwe track matching, the drift problem
of the virtual object causedby inaccurate camera poseestimation is sewere. In
comparison,no such problem is obsenable after non-consecutie track matching.

5.3 Tracks in Multiple Videos

To describe a large-scalescene,multiple videos can generally be obtained from
internet or be captured in di erent geographicregionsbut generally with over-
laps. How to e cien tly match multiple videosand registerthem in a common3D
system was seldomdiscussedin previous work. In our feature tracking system,
this can be naturally accomplished.We rst track feature points for eat video
independertly and then detect overlap between eat pair of the videos. The
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Table 2. Running time of a few examples.

Datasets |Resolution| Frames Feature Tracking Time
Consecutive  Non-Consecutive
Wallpaper| 640 480| 735 6 minutes 2 minutes
Circle |960 540| 1;991 |30 minutes 12 minutes
Yard 960 540| 3;201 |50 minutes 20 minutes
Street |960 540| 23,0000 6 hours 2 hours

algorithm described in Section5.1is usedto rapidly estimate the matching ma-
trix such that related subsequences di erent videoscan be found. Afterw ards,
we match the common tracks distributed in various subsequencesising Algo-
rithm 4. This method quickly yields a matching graph for the collected videos,
which nally leadsto a robust global 3D registration, as shown in Fig. 1(b).

6 Results

We have evaluated our method on seeral challenging sequencesAll results are
generatedusing a PC with an Intel Core2Duo CPU 2.0GHz and 2GB memory.
Running time for feature tracking on the tested data is listed in Table 2.

As our consecutive point tracking can handle wide-baselineimages, frame-
by-frame tracking is generally not necessary In our experimerts, the system
extracts oneframe for every 5 10framesto apply feature tracking. The tracked
featuresare then propagatedto other framesby simple KLT sequettial tracking.
This trick savesa lot of running time and results in feature tracking in a video
sequencg1000 features per image and image resolution 640 480) only taking
about 0.5 secondper frame with our software implementation (single working
thread). The running time of KLT? is about 0.4 secondper frame. Note that
the cameraposeestimates from KLT could drift while our method avoids this
problem becausethe computed matches are with very high quality and large
quantit y.

We compare our method to the brute-force SIFT matching in the Bundler
software [27]. The brute-force SIFT matching method doesnot make useof image
ordering. It extracts the SIFT featuresin all framesand exhaustively compares
them. Although a K-d tree is usedfor matching speedup,the complexity is still
quadratic to the number of the processedrames. In contrast, the complexity of
our method is almost linear to the frame number.

For the \circle" examplewith 1991frames. Performing the brute-force SIFT
matching in the whole sequencewill take days using our desktop computer.
To save time, we pick out one frame for every 5, to compose a new sequence
containing only 399 frames. The brute-force SIFT matching spends 187 min-
utes (6 minutes for SIFT feature extraction) on it, while our method only re-

2 We usethe CPU implementation downloaded from
http://iwww.ces.clemson.edu/  stb/klt/.
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Fig. 4. Comparison with the brute-force SIFT matching. (a) Three selected frames
from the \circle" sequence.(b-c) The track length histograms of the brute-force SIFT
matching and our non-consecutive feature tracking, respectively. (d) The SfM result
using the feature tracks computed by brute-force SIFT matching. (e) The SfM re-
sult using the feature tracks computed by our method. (f) Superimposing the camera
tra jectory in (d) to (e).

quires 25 minutes in total. When excluding the SIFT feature extraction time,
our method is about one order of magnitude faster. Figs. 4(a) and 4(b) show
the track length histogramsto comparethe tracking quality. Our method yields
many long feature tracks thanks to the e ectiv e two-passmatching and subse-
quencejoining. The SfM results are showvn in Figs. 4(d)-(f). The aligned two
cameratrajectories (shown in Fig. 4(f)) are with averagecameraposition di er-

ence0.000425(normalized w.r.t. the total length of the cameratrajectory).

We tested our method on a challenging large-scale\street” example con-
taining a total of 9 videos, ead of which has around 2000 3000 frames. This
examplehasbeenshown in Fig. 1. The cameramoved along a street and captured
seweral buildings. We rst track feature points for eat video independertly, and
then use our non-consecutive track matching algorithm to detect and match
common feature tracks acrossdi erent videos. We perform SfM estimation for
ead video independertly . By aligning the computed 3D points, we register these
videos in a 3D system. There are as many as 558 392 estimated 3D points in
this example. Superimposing the recovered cameratrajectories onto a satellite



E cien t Non-Consecutive Feature Tracking for Structure-from-Motion 13

image shows the high accuracy of the results as all trajectories are on streets
and are not drifted.

7 Conclusion and Discussion

We have presened a robust and e cien t non-consecutie feature tracking sys-
tem for SfM, which consists of two main steps, i.e., consecutiwe point track-
ing and non-consecutie track matching. Dierent from the typical sequetial
matcher (e.g. KLT tracker), we use the invariant features and proposea two-
passmatching strategy to signi cantly extend the track lifetime and reducethe
feature sensitivity to noise and image distortion. The obtained tracks contain
not only a set of 2D image positions, but also descriptors. They avail estimating
a matching matrix to detect a set of disjointed subsequencesvith overlapping
views. Our method can also handle tracking and registering multiple videos.
Experimental results demonstrate the signi cance for SfM in middle- and large-
scalescenes.

Our method is designedfor SfM, and thus consider feature tracking only
on rigid (non-deforming) objects in this paper. Part of our future work is to
handle deforming or dynamic objects. Besides,although the proposedmethod is
basedon the SIFT features, there is no limitation to useother represenations,
especially in the general two-passmatching process.Further investigation will
be conducted.
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