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Abstract. We address the problem of large scale image retrieval in
a wide-baseline setting, where for any query image all the matching
database images will come from very different viewpoints. In such set-
tings traditional bag-of-visual-words approaches are not equipped to han-
dle the significant feature descriptor transformations that occur under
large camera motions. In this paper we present a novel approach that
includes an offline step of feature matching which allows us to observe
how local descriptors transform under large camera motions. These ob-
servations are encoded in a graph in the quantized feature space. This
graph can be used directly within a soft-assignment feature quantization
scheme for image retrieval.
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1 Introduction

In this paper we address the challenge of image retrieval from large databases.
While this is a classic problem in Computer Vision, we are interested in the
specific scenario of wide-baseline image retrieval. In this setting, we assume that
for most query images the closest matching (true matches) databases images are
of the same scene but from very different viewpoints, and thus have undergone
significant transformations relative to the query (see Figure 5 for an example).

We isolate the wide-baseline challenge because it has important practical
implications. For example, it is unrealistic in any real-world image retrieval sys-
tem that the databases will contain many images of all interesting locations,
so matching to a few images of a scene is important. Furthermore, the ability
to effectively match images from a wide-baseline means one can construct the
database accordingly, keeping fewer images of each scene than would otherwise
be needed. This would have an impact on both storage costs and retrieval time.

Much of the work for large scale image retrieval has been based on the bag-of-
visual-words (BOW) approach [1, 2], which borrows ideas from the text-retrieval
community. To summarize briefly, forming an image representation can be broken
into three steps: (1) local feature detection and extraction (2) feature quantiza-
tion, and (3) tf-idf image representation. In our setting, the real challenges lie
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within the first two steps. Much effort has been put into identifying local fea-
ture detectors and descriptors [3–5] suitable for correspondence problems, but
even these will not remain sufficiently invariant (either repeatability of detec-
tor or invariance of descriptor) when the camera undergoes very large motions.
Also, while feature quantization may mask small descriptor transformations, it
is unlikely to deal gracefully with larger transformations.

In this paper we aim to improve wide-baseline retrieval within the BOW
framework. To address the primary issue of feature deformations over large cam-
era motions, we perform unsupervised tracking of millions of points through
long image sequences in order to observe how corresponding descriptors trans-
form under significant camera motions. As an intermediate representation for
millions of feature tracks, we construct a weighted graph embedded in the quan-
tized feature space, where the edge weight between two words is related to the
number of tracks having descriptors mapped to both words. We will refer to
this graph as the track-graph. In a way the track-graph encodes how often we
have seen features that are mapped to one word transform into features that are
mapped to another word. Importantly, this graph construction provides a purely
data-driven way of encoding the observed feature transformations. We avoid the
difficult problem of explicitly modeling or parameterizing the space of feature
transformations, for example. We utilize the track-graph for the image retrieval
application by incorporating it into a soft-assignment scheme similar to that of
[6].

Our primary contribution can be summarized as a novel approach for image
retrieval that utilizes offline feature tracking to observe feature transformations
under large camera motions. To our knowledge this is the first method that
successfully incorporates such information within a BOW retrieval approach.
Furthermore, we examine properties of the track-graph in detail to understand
the added value of the information it encodes. Evaluation of the retrieval system
in a wide-baseline setting shows promising performance.

1.1 Related work

Retrieval from large image collections is a well-studied problem in Computer
Vision. In 2003, Sivic and Zisserman [1] applied a text retrieval approach for
object retrieval, and many of the current state-of-the-art methods can be seen
as an extension of this BOW approach (a few examples are [2, 7–9]).

At their core, these methods rely on a quantization of the feature space into
visual words to make large scale retrieval a tractable problem. To this end a
number of papers have explored various ideas related to partitioning and assign-
ment in the feature space. The baseline standard is k-means clustering to build
a vocabulary, and nearest-neighbor assignment of descriptors to words [1]. In
[2], a vocabulary tree (constructed with hierarchical k-means) is used for fea-
ture quantization and assignment, while [8] considers approximate k-means for
assignment, and [10] considers a fixed quantization for a vocabulary. More re-
cently, [7] have studied the effects of quantization and introduce a combination of
vector quantization and hamming embedding. In [11] kernel density estimation



Feature Tracking for Wide-Baseline Image Retrieval 3

is applied to capture the uncertainty of assignment from features to words, thus
limiting the effects of hard assignment. Philbin et al [6] show the effects of quan-
tization can be remedied in part by a soft-assignment when mapping descriptors
to words. Our work is influenced by this last approach as we will incorporate our
observations of feature transformations into a similar soft-assignment scheme.
While the works above address the issue of feature quantization and assignment,
there has been little done to specifically address the challenges of image retrieval
under wide-baseline conditions. Efforts in landmark recognition are capable of
building rich 3D representations of landmarks or scenes given a sufficient number
of images [12–15]. These representations can be utilized for image matching and
retrieval. However, such approaches [13] still require the image database to be
populated with a large number of images of each landmark. This is in contrast
to our wide-baseline setting where we do not expect to have a large number of
matching images in the database for any query.

A central premise of our approach is that by tracking or matching features
through image or video sequences one can observe how image features transform
under large viewpoint changes. Utilizing this information should improve re-
trieval when query images come from unique viewpoints relative to the database
images. Prior related work includes [16], where Implicit Shape Models are con-
structed for object pose recognition. 3D descriptors are represented by a set of
2D image descriptors that were matched over a set of training images, however
manual correspondences (e.g. hand-selected feature matches) are required for
initialization. In [17], object level representations are formed by object regions
tracked within video shots, which provides viewpoint invariance for retrieval.
In [18], feature matching between images in the training set is used to identify
a set of “useful” features. This greatly reduces the number of features stored
from each image without loss in retrieval precision. Earlier work [19] explores
building invariant distance measures with a priori knowledge of patch transfor-
mations. In [20] invariance is incorporated into SVM classifiers by introducing
artificially transformed copies of support vectors. In [21], feature matching under
wide-baseline conditions is treated as a classification problem, where each class
corresponds to all views of a point. In the BOW approach of [6], one variation of
their soft assignment scheme involves generating multiple feature sets for an im-
age by applying small transformations directly to the image. While our work is
related to these last approaches, we note that in both [21] and [6] feature trans-
formations are generated by simulating image transformations. This is limited
in that one has to model and parameterize the space of patch transformations
(e.g. affine transformations), and it is unlikely such an approach can capture the
full spectrum of transformations that are observed from actual camera motions.
In our work we address this issue by tracking features through image sequences.

2 Bag-of-visual-words image retrieval

In this section we give a brief summary of our implementation of the traditional
baseline BOW model. We combine a Hessian-Affine interest point detector and
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SIFT descriptors [4, 5], and starting with a collection of SIFT features from a
large dataset a visual vocabulary is constructed by partitioning the feature space
with k-means clustering. The ideal number of clusters depends on the dataset,
and so in this paper we experiment with vocabularies ranging from 2500 to
500000 in size. We denote a vocabulary as V = {v1, v2, v3, . . . }, where the visual
words vi are the cluster centers. Feature-to-word mapping assigns a descriptor
xi to the closest visual word x̂i = argmin

v

‖xi − v‖2. In practice, this mapping is

done with approximate nearest neighbors when the vocabulary size is large. The
final tf-idf image representation is simply a weighted histogram over the words
appearing in an image. For complete details see [1, 22].

3 Constructing the track-graph

In this section we describe our process of constructing a graph in the quantized
space that encodes feature transformations observed from image sequences. Our
intermediate goal here is to develop a method that allows us to characterize how
feature descriptors transform under large camera motions. As with any data-
driven approach, we must be sure to collect a large number of samples in order
to be sure our observations have statistical significance. Our setup consists of 3
cameras on top of a vehicle that acquires images while driving through urban
city streets. The three cameras (c1, c2, and c3) are arranged to face the same
side of the street, but at different angles. Camera c2 is fronto-parallel to building
facades on the side of the street, while c1 and c3 are offset approximately 45◦

on either side of c2. Due to this arrangement, scene content that is observed by
camera c1 at time t is usually observed by c2 and c3 at a later time t′ > t. Figure
1 shows a sequence of images from 7 consecutive time steps.

1 1 2 2 3 3 3
1116 1117 1118 1119 1120 1121 1122

Fig. 1. A sequence of seven consecutive frames from our acquisition system that il-
lustrates how the same scene content will be seen from multiple cameras over time
separated by a wide baseline. At each of the seven time steps (frames 1116 through
1122), the same scene content is observed from one of the three cameras (1, 2, or
3). With frame-to-frame feature matching we are more likely to generate tracks that
observe world points from very different viewpoints angles than if we tried to match
features directly between the extreme wide baseline image pairs.
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3.1 Feature matching and track extraction

Since the sampling rate of the camera is too low to allow true feature track-
ing between frames, we pursue discrete matching with RANSAC [23] to gen-
erate correspondences that are consistent with a Fundamental matrix or Ho-
mography transformation. Putative correspondences are obtained with nearest-
neighbor matching while discarding ambiguous candidates [5] (however all near-
est neighbor-matches are used to generate the final set of inliers after geometry
estimation). Since image acquisition is of minor cost, our matching thresholds
are fairly strict to protect against too many outliers. In total, we collected five
non-overlapping image sequences from the same city that contained a total of
45K image frames. Our matcher extracted 3.8M feature tracks having an average
duration of 5.8 frames (tracks shorter than 3 frames are discarded).1 Employing
discrete matching in place of pure tracking also serves a secondary purpose. It
is well known that repeatability of a feature detector is limited under viewpoint
changes, and so by generating tracks in this way we make sure to observe feature
transformations only for those features where the reliability of the detector is
certain.

3.2 Graph construction

We define the track-graph as a weighted graph G = (V,E,w), where the vertices
are the set of visual words in the vocabulary. We would like the weight w(u, v)
to reflect the number of feature tracks whose descriptors have mapped to both
u and v. Let us represent a tracked feature t with its observed SIFT descriptors
t = {x1, x2, x3, . . . }, and let T be the collection of all feature tracks obtained
during the offline tracking process (T = {ti}). Figure 2 shows the few steps
required in constructing the weighted graph. To summarize, the edge weights
between vertices w(u, v) count exactly the number of tracks where at least one
descriptor mapped to word u and at least one descriptor mapped to word v.
Note that our construction process ignores self-edges (w(u, u) = 0, ∀u ∈ V ).2

3.3 Properties of the track-graph

The graph construction process described above can be seen as an iterative
process, where tracks are incorporated into the track-graph one after another
(in arbitrary order). The natural question that arises is how do we determine
the stability of the graph as we continue to incorporate more tracks (this can help
us determine if we have included enough observations to terminate construction).
To study this characteristic we evaluate how the graph changes as we continue

1 Figures depicting some tracking results can be seen at http://www.cis.upenn.edu/

~makadia/
2 We also considered post-processing the graph to account for the frequency in which
certain types of features were tracked. One such normalization was, for example,

w′(u, v) = w(u,v)2∑
y w(u,y)

∑
y w(v,y)

. In practice, the few we tried all lowered performance.
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Input

1. Set of tracked features T , and a set of visual words V ,
and a weighted graph over the words G = G(V,E,w)
(initially w(u, v) = 0, ∀u, v ∈ V ).

Constructing G

1. For each track t ∈ T :
(a) t̂ = unique({x̂1, x̂2, x̂3, . . . }).
(b) For each pair of words (u, v) in t̂:

i. w(u, v) = w(u, v) + 1
ii. w(v, u) = w(v, u) + 1

2. Filter graph by setting all small weights (w(u, v) < τ) to
zero. In practice we use τ = 5.

Fig. 2. Outline of track-graph construction. Here a track t is represented by the ob-
served feature descriptors t = {x1, x2, . . . }, and the notation x̂i refers to the visual
word assignment for feature xi.

to add more tracks. Given a graph G1, let us define the probability of seeing

an edge (u, v) as P ((u, v)) = w(u,v)∑
u,v∈V w(u,v) . Note for this task we ignore that

w(u, v) and w(v, u) represent the same link. Given two graphs G1 and G2, the
KL-divergence of PG2

from PG1
is used to measure their relative difference:

DKL(PG2
‖PG1

) =
∑

(u,v)∈V×V

PG2
((u, v)) log

PG2
((u, v))

PG1
((u, v))

(1)

For our purposes here G2 will always represent a graph obtained by integrating
more tracks into G1. The relative graph distance is not complete unless we
account for the relative “sizes” of the graphs. In other words, the relative change
in graphs should be normalized by the number of observations used to construct
the graphs. If we define the size of the graph as WG =

∑
u,v∈V w(u, v), we can

define the relative change between graphs as the KL-divergence scaled by the

relative change in graph size:D(PG2
‖PG1

) = DKL(PG2
‖PG1

)
WG1

WG2

. Table 1 shows

that the graph changes much less as more and more tracks are incorporated
(in this example the vocabulary size is 250000 words). This experiment was
performed on graphs before the small edges were filtered out (as per Figure 2),
which means the stability is observed even with possibly noisy edges present. The
second important consideration is whether or not the constructed track-graph
contains information that cannot be obtained from standard distance measures in
the feature space. If after constructing a graph from millions of tracked features
we find that the nearest neighbors in the graph (according to the edge weights)
mimic the neighbors produced with a traditional distance measure, this would
indicate that the track-graph will not contribute any orthogonal information. To
examine this property, we construct another graph that captures the proximity
between visual words in the feature space using a standard distance measure
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WG1
12M 20M 29M 36M

WG2
20M 29M 36M 41M

WG1

WG2

0.58 0.70 0.79 0.88

DKL(PG2
‖PG1

) 0.36 0.20 0.13 0.07

D(PG2
‖PG1

) 0.21 0.14 0.10 0.06

Table 1. Each column shows how the track-graph changes as a new collection of
tracks is incorporated. See the text for term definitions. The last row indicates that
as we incorporate more and more tracks into the graph, the relative change in the
graph continues to decrease. Note, in each column G2 represents a graph obtained
after incorporating more tracks into G1.

for SIFT features. We call this the L2-graph since the edge weight w(u, v) is
related to the Euclidean distance between u and v. To see how the track-graph
and L2-graph relate, we compare for each visual word its closest neighbors in
the track graph against its closest neighbors in the L2-graph. Figure 3 (left)
illustrates the average overlap between a visual word’s 10 closest neighbors in
the two graphs. Even for small vocabulary sizes there is less than 50% overlap
between the neighborhoods. A related experiment shown in Figure 3 (middle,
right) examines the actual Euclidean distance to a word’s k-th nearest neighbor
in the track and L2 graphs, respectively. The differences between the two graphs
is an indication that the track graph is capturing feature transformations that
may not occur smoothly in the feature space.

A final experiment on the graphs is a simple test of feature assignment. The
idea is to see how useful the track-graph weights might be in practice where cor-
responding features are often initially mapped to different words. Since our graph
weights are constructed to reflect this property exactly, in some sense this test
can be considered a cross-validation step. We collect feature tracks from an image
sequence that was not used during track-graph construction. From these tracks
we select 5000 wide-baseline feature pairs. We consider a feature pair (xi, xj) to
be wide-baseline if xi was observed in camera c1 and xj in c3 (or vice-versa).
Our measure of correct assignment is if x̂j is one of the k-nearest neighbors
of x̂i in the track/L2 graph. Figure 4 shows the results of this experiment for
different vocabulary sizes and for k ranging from 0 to 10 (k = 0 is just tradi-
tional hard assignment, and is thus the same for both the track and L2 graphs).
The experiments above depict valuable qualities of the track-graph. First, the
graph is relatively stable after incorporating 3.8M tracks (Table 1), which gives
us confidence we have included enough tracks during construction. Second, the
graph encodes some information about how feature descriptors transform that
cannot be observed with a traditional distance measure (Figure 3). Finally, ini-
tial experiments show the graph may be useful in practical correspondence tasks
(Figure 4).
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Fig. 3. The single plot on the left compares the overlap between a visual word’s 10
nearest neighbors in the track-graph and its neighbors in the L2-graph. We ignore
those words that did not have any tracked neighbors. The plot shows this neighborhood
overlap ratio for graphs constructed with 11 different vocabularies (ranging from 2500
to 500000 words). The two plots to the right compare the average distance of a visual
word to its k-th nearest neighbor (k = 1 on the left, k = 5 on the right).
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Fig. 4. Feature assignment results for the track and L2 graphs. Results are shown for
graphs constructed with three different vocabulary sizes: 2500 (left), 200000 (middle),
and 500000 (right). For each feature pair (xi, xj), assignment is considered correct if
x̂j is one of the k nearest neighbors of x̂i in the graph. In the plots k ranges between
0 and 10.

3.4 Image retrieval with the track-graph

To utilize the track-graph in an image-retrieval engine, we develop a natural
feature quantization scheme that is motivated by the soft assignment approach
of Philbin et al [6]. To summarize [6] briefly, instead of quantizing feature x to its
closest word x̂, the vote for x in the tf-idf vector is distributed over the k-nearest

words to x. The weights given to each of these words is proportional to exp −d2

2σ2 ,
where d = ‖x− x̂‖2.

We utilize our track-graph in a similar way. Instead of assigning x to its
closest word x̂ (determined by L2 distance), the vote for x will be distributed
between x̂ and the closest words to x̂ in the track graph. For k-nearest neighbor
assignment, for example, the weight for x will go to x̂ and the (k − 1)-nearest
neighbors of x̂ in the track-graph (neighbors are determined by sorting the edge
weights w(x̂, v) in decreasing order). Here also the tf-idf weights are propor-

tional to exp −d2

2σ2 . The weights for each feature are scaled uniformly so the total
tf-idf contribution is 1, and σ is set identical to [6]. Note, we are only using the
graph weights w(x̂, v) for selecting a word’s neighbors, while the tf-idf weights
are determined by L2 distances. The fundamental difference between our ap-
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proach and [6] is that the track-graph provides a unique way of selecting the
“closest” words to a feature. The track-graph neighbors will be consistent with
the feature transformations observed in our offline tracking process rather than
just L2 proximity in the feature space. For visual words that have fewer than
k−1 edges, the neighborhood is supplemented with the original feature’s closest
(L2) words. For example, if a feature’s closest word x̂ has no track-graph neigh-
bors, its assignment reduces to the soft-assignment of [6]. For the track-graph
constructed over 500000 visual words, 36% of the words had no edges. At the
other extreme, all words had some neighbors for the graph constructed with the
smallest vocabulary of 2500 words. In the next section we evaluate our proposed
approach for wide-baseline image retrieval.

4 Evaluation

As we wish to evaluate image retrieval specifically in a wide-baseline setting,
we prepared a test scenario that reflects the relevant challenges. We begin by
collecting an image sequence in the same manner as described earlier. From this
sequence, we select 1374 non-overlapping test images, and the remaining images
form the database. All test images are chosen from either camera c1 or c3, so
that they are not oriented fronto-parallel to the building facades. To create a
sufficiently difficult challenge, only the wide-baseline matches are stored in the
database (6348 images). Figure 5 shows two test images and their true neighbors
in the database. Each test image has on average 4.6 true matches in the database.
We supplement the dataset with 247686 images collected from image sequences
that have no overlap with the test sequence. In total, we have 1374 test images
and 254034 database images.

We note that there is no overlap between the images used for vocabulary
and graph construction and the images used to build the evaluation dataset.
However, all images come from urban environments using the same image ac-
quisition scheme so the vocabulary and tracked features will still be relevant for
the application.

Query Closest matches in database Query Closest matches in database

Fig. 5. Challenging sample test images and their closest matching database images.
The significant camera motion between the queries and their matches makes for a
difficult retrieval task.
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4.1 Evaluation criteria

Most image retrieval systems designed for practical large-scale use perform some
form of post-processing or re-ranking of the top results from the initial retrieval
(e.g. geometric verification, query expansion, see [8, 24]). In this setting the most
important criteria is making sure as many correct results as possible appear in
the portion of the list that will be post-processed. In light of this we focus our
evaluation on the top returned images. Specifically, we will measure recall (at n),
which measures what fraction of the true matches appear in the top n results.
We will evaluate our track-graph based approach against the soft assignment of
[6], as well as the traditional BOW approach. 3

4.2 Results

For our evaluation the two primary parameters are (1) the number of neigh-
bors used in k-NN feature-to-word assignment and (2) the cutoff n for which we
evaluate mean recall-at-n. Figure 7 shows results for n ∈ {10, 20, 50, 100}, and
k ∈ {3, 4, 5}. Of the 11 vocabulary sizes we have experimented with in previ-
ous sections (2500, 5000, 10000, 20000, 40000, 80000, 100000, 150000, 200000,
250000, and 500000), we select four of the larger vocabularies (100000, 150000,
250000, and 500000 words) for displaying results here (as expected, all three
algorithms performed their best on these larger vocabularies). While both our
track-graph approach and the soft assignment of [6] significantly outperform the
traditional hard assignment, the results also show the track-graph consistently
improving over [6], especially at the largest vocabularies. The improvements are
most noticeable at n = 50, while performance is closer at n = 100. For visual
examples, Figure 6 shows three queries where our approach succeeded in retriev-
ing at least one correct result in the top ten while both algorithms we compare
against fail to return any correct matches.

Looking at these results in a wider context, the final improvement in the
application setting of our method over the approach of [6] may seem modest
compared to the possible gains indicated by our earlier isolated experiments (see
Figure 4). One explanation for this is that, as mentioned earlier, our feature
mapping reverts to [6] for those words where we have no tracking observations.
In the case of 500000 words we see that 36% of the words had no track-graph
neighbors. Furthermore, the earlier experiments isolate the comparison of tracked
neighbors and L2 neighbors, whereas the retrieval results in Figure 6 show the
results of an entire image retrieval engine, where naturally the differences within
a single component will be muted.

Regarding the cost to sparsity using our track-graph approach, we note that
for the 500000 word vocabulary, using 3−NN assignment, our approach gener-
ates 7% fewer nonzero entries in the tf-idf representation than the comparable
[6] (while simple hard assignment produces 66% fewer nonzero entries). Another

3 We attempted a variation of soft assignment based on simulating image patch trans-
formations [6], but due to the many implementation parameters our best results
underperformed the simple BOW baseline, thus those results are not included here.
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question is how does our constructed track-graph perform on image retrieval from
more general image collections? We emphasize that it is critical that the track-
graph encode the types of transformations expected in the retrieval problem (in
this paper we focus on wide-baseline camera motions exhibited by street-level
imagery). As we discuss in more detail in the following section, extending our
automatic tracking and graph construction process to address the types of trans-
formations observed in general collections (e.g. Web datasets) is non-trivial and
left to future work4.

Fig. 6. Top images retrieved for three queries using our track-graph method (Vocab-
ulary size 500000, 5-NN assignment). The leftmost image (highlighted in red) is the
query. The retrieval images are shown to the right of the query (correct matches high-
lighted in green). For all three queries, both [6] and traditional hard assignment failed
to retrieve any correct matches in the top 10.

5 Future work

We have designed a novel data-driven approach to study how image features
transform under large camera motions and how such observations can be incor-
porated into a system targeting wide-baseline retrieval. While our results are
promising, we consider this preliminary work and note a number of areas re-
quiring future attention. Most notably is the generalization of our approach.
While our current approach encodes wide-baseline (specifically planar) motions
in the track-graph, going forward we would like to cover all possible transfor-
mations (e.g. descriptor transformations induced by general camera motions,
lighting and environment changes, changes in camera modality, etc.). This ex-
tension is non-trivial because our approach requires simple data collection and

4 However, as a validation of our intuition here we do provide an evaluation of our
wide-baseline tracks applied out of context to a general Web dataset. The supple-
mental material at http://www.cis.upenn.edu/~makadia/ shows performance on
the Oxford Buildings dataset [8].
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fully unsupervised tracking to generate a large number of observations. However,
extending this approach will be challenging because controlling data collection
to observe a wide set of transformations, as well as automatically generating
sufficient ground-truth correspondences, is not a simple task. Another point for
future work is addressing the artifacts of quantization that remain in our devel-
opment. Our graph construction relies on hard assignment of tracked descriptors
to visual words, and similarly during tf-idf construction for identifying the word
from which track neighbors are selected. While our decisions here have been
motivated by sparsity and computation, we plan for future work to explore a
fully probabilistic soft assignment framework for graph construction as well as
tf-idf generation. Another aspect of our work worth investigating further is the
application of our ideas to different problems. For example, we believe the track-
graph may be useful for improving correspondences in two views, and the offline
feature tracking can be used to build better visual vocabularies.

Acknowledgments. We thank Matthew Burkhart and Alexander Toshev for
helpful discussions, and the Google StreetView team for the data.
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Fig. 7. Results of our track-graph approach (‘track’), soft assignment [6] (‘soft’), and
traditional assignment (‘hard’). Each plot shows a different combination of n (recall-
at-n) and k (k-NN assignment that is used in both our approach as well as [6]). n is
one of 10, 20, 50, or 100. k is one of 3, 4, or 5.


