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ABSTRACT
State-of-the-art visual odometry algorithms achieve remarkable efficiency and accuracy. Under realistic conditions, however, tracking failures are inevitable and to continue tracking, a recovery strategy is required. In this paper, we propose a relocalization system
that enables realtime, 6D pose recovery for wide baselines. Our
approach targets specifically resource-constrained hardware such as
mobile phones. By exploiting the properties of low-complexity binary feature descriptors, nearest-neighbor search is performed efficiently using Locality Sensitive Hashing. Our method does not require time-consuming offline training of hash tables and it can be
applied to any visual odometry system. We provide a thorough evaluation of effectiveness, robustness and runtime on an indoor test sequence with available ground truth poses. We investigate the system
parameterization and compare the relocalization performance for the
three binary descriptors BRIEF, unscaled BRIEF and ORB. In contrast to previous work on mobile visual odometry, we are able to
quickly recover from tracking failures within maps with thousands
of 3D feature points.
Index Terms— Relocalization, BRIEF, ORB, Locality Sensitive Hashing, Visual Odometry
1. INTRODUCTION
With today’s powerful smartphones, image-based localization is
a promising approach for indoor positioning without the need for
costly hardware installations [1]. To achieve this goal, visual odometry approaches are required, which allow the tracking of a user’s
path through a building [2]. For feature-rich, static environments
and for smooth camera motion, state-of-the-art visual odometry
systems achieve remarkable efficiency and accuracy. In real-world
applications, however, it is inevitable that these ideal conditions will
be violated at some point, causing visual tracking systems to fail
(i.e. observations in the current frame cannot be associated with
previous ones).
People walking by and occluding the field of view, motion blur
during a quick turn, or simply a blank wall with very few salient
points are typical causes that may interrupt visual odometry, sometimes for several seconds. To ensure continuous operation over
longer periods of time, a complementary relocalization algorithm is
required which recovers the current pose and thus allows the visual
odometry system to resume tracking.
So far, most approaches that provide real-time relocalization
on mobile devices are designed for small (e.g. augmented reality)
workspaces, where previous observations can usually be found in
a close vicinity to the current pose [3]. This assumption, however,
does not hold in the case of mobile device odometry, where the user
movement is typically not constrained to a fixed area.
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Fig. 1: Data and ground truth path used for evaluation. Images are
collected using a Samsung Galaxy Tab 10.1 mounted on a trolley.
For accurate ground truth data, the trolley is equipped with laser
scanners and wheel odometry. The dataset starts in the left segment
of the corridor, which is traversed three times. Passing a staircase in
the middle segment, the path ends on the right.
The major contribution of this paper is the design of a relocalization system that enables realtime 6D pose recovery even for wide
baselines (long periods of tracking failure) on mobile devices. We
describe a particularly efficient Locality Sensitive Hashing (LSH) [4]
approach based on recently proposed low-complexity binary feature
descriptors [5, 6, 7, 8]. This enables fast approximate nearest neighbor search to identify correspondences to previously mapped 3D
points. In addition, we restrict the search space according to adaptive
visibility constraints which allows us to cope with extensive maps at
constant complexity.
For the evaluation of our relocalization system, we use the Parallel Tracking and Mapping algorithm (PTAM) [9] as baseline visual
odometry algorithm. Our relocalization method is, however, general
and can be integrated into any algorithm that estimates 3D positions
of features.
2. RELATED WORK
A comparison of several relocalization techniques for visual SLAM
is provided by Williams et al. [10] where three basic types of approaches are distinguished: map-to-map (matching two 3D point
clouds), image-to-map (matching observations in an image to a 3D
point cloud), and image-to-image (matching observations in one image to observations in another image).
In the image-to-image category, a common approach for visual
location recognition is the Bag of Words model [11] as, for example,
employed by Eade et al. [12] in conjunction with SIFT [13] features
and Cummins et al. [14] using SURF [15] features. A third method

in this vein proposed by Klein and Murray [3] is the relocalization
algorithm originally used in the PTAM implementation. Based on
down-sampled versions of keyframes (collected about every 50 to 80
frames), the one that is most similar to the current image is identified
by computing the sum of squared differences.
While all three methods are extremely fast (1.5 ms for pose
estimation within 250 keyframes in the case of Klein and Murray),
it is only possible to localize to previously visited places where
keyframes were added to the map. These conditions are valid, for
instance, in the small desktop workspace scenario that PTAM was
originally developed for. In the case of mobile device odometry,
however, this is a clear limitation since the user is expected to walk
into previously unseen areas where no associated keyframes exist.
Map-to-map techniques, on the other hand, involve matching of
large unstructured point clouds in 3D space, a process of significant
complexity. Not only are approaches of this kind usually too slow,
but they also lack accuracy unless the data were collected using,
e.g., high precision laser scanners. Consequently, in [16] Williams
et al. come to the conclusion that, regarding visual SLAM, image-tomap techniques work best because they provide the accuracy as well
as the speed required for restarting visual tracking. They propose a
system that employs randomized trees for classification to identify
correspondences between image features and map points. While being very fast, the approach is designed for maps rarely exceeding
150 features. It cannot handle maps of several thousand (about 15k)
features which are typical in visual odometry applications.
The approach conceptually most similar to ours is proposed by
Arth et al. [17] who present a feature-based localization system for
smartphones. Based on a modified SURF descriptor, image-to-map
matching is performed by exhaustive nearest neighbor search. The
3-point pose algorithm and RANSAC are used to obtain a pose estimate which is further refined using robust Gauss-Newton optimization. In order to reduce the search complexity, feature matching has
to be restricted to so called potentially visible sets (PVSs). To identify PVSs, the 3D point cloud of the environment of interest needs to
be collected in advance and discretized into view cells by precomputing the cell-to-cell visibility. The assumption of map data that
are available a priori does not hold for our application. Further, as
the continuous extraction of SURF features requires approximately
700 ms per keyframe on a state-of-the-art mobile device, the computational load is prohibitive for our scenario.
With the emergence of fast-to-extract binary descriptors, however, feature-based relocalization becomes feasible on mobile devices if combined with an efficient nearest neighbor search. For instance, the BRIEF descriptor proposed by Calonder et al. [5] performs a fixed number of intensity comparisons to compute the descriptor. The predefined locations of these intensity tests are chosen
to minimize correlation. For increased robustness, the patch is initially blurred using a Gaussian kernel. As a result, the extraction of
BRIEF descriptors is about 40 times faster than for SURF while generating only half the memory footprint. The binary descriptor can be
matched using the Hamming distance. In addition, the bitwise independence naturally enables approximate nearest neighbor search
using Locality Sensitive Hashing with almost no overhead compared
to other methods. Besides BRIEF, our approach can also be based
on more advanced binary descriptors such as ORB [6], BRISK [7]
or FREAK [8].
3. PARALLEL TRACKING AND MAPPING
Parallel Tracking and Mapping (PTAM) [9] is an efficient algorithm
to perform monocular SLAM. In this paper, it is used as the base
system to evaluate our relocalization method. PTAM splits up the

tasks of camera pose tracking and map building into two threads:
the tracking and the mapping thread.
The mapping thread estimates the 3D structure of the environment using the information about 2D-3D point correspondences supplied by the tracking thread. The map is represented as a point cloud
of 3D points, where each 3D point is associated with its observations
in the set of keyframes. The tracking thread in turn uses the knowledge of 3D feature positions to find 2D-3D point correspondences
which then are used to update the camera pose. This separation allows for a continuous refinement of the map estimate as computation
time is available.
4. RELOCALIZATION BASED ON BINARY FEATURES
Our relocalization method robustly estimates a 6DOF pose from 2D
image to 3D world coordinate correspondences. This association is
established via approximate nearest neighbor search in the feature
Hamming space. During normal tracking of PTAM, the respective
binary feature descriptors for each map point are extracted whenever a new keyframe is inserted into the map. Conventional descriptors such as SIFT and SURF possess larger invariance against perspective transformations than binary descriptors. Therefore, they are
well suited for matching images along wider baselines. This advantage, however, comes at the cost of greatly increased amounts of
time spent for descriptor extraction. Moreover, the baselines to cope
with can be significantly shortened by exploiting the fact that a visual tracking system continuously provides updated observations of
known landmarks. Hence, for each map point, only the most recent
descriptor is retained.
In the event of a tracking failure, our relocalization method obtains an estimate of the camera pose within PTAM’s map as follows:
• First, binary descriptors are extracted at the positions of FAST [18]
corners in the current image.
• Next, binary descriptors in the current image are matched to descriptors (associated with 3D points) stored in the map. This
search is performed rapidly using Locality Sensitive Hashing.
• Then, the camera pose is robustly estimated from the 2D-3D point
correspondences using the 3-point pose method [19] and Progressive Sample Consensus (PROSAC) [20].
• Finally, this pose estimate is refined using Levenberg Marquardt
optimization (M-Estimator).
This method is repeated for each incoming frame until the pose estimate allows PTAM to continue tracking.
To reduce the search space, the map points used for matching are
filtered according to their visibility. We select all keyframes that lie
within a certain radius around the last known position of the camera.
Based on typical walking speeds, we found that a distance of 5 m is
sufficient, although this choice can be adapted according to the time
elapsed since the tracking failure. By accumulating the observations
stored with those keyframes, we can derive a good estimate of the
set of features that are likely to be visible from the current position.
4.1. Locality Sensitive Hashing for Binary Features
Locality Sensitive Hashing (LSH) [4] is a hashing-based technique
to perform approximate nearest neighbor search in high dimensions.
The algorithm employs a hash function that generates the same hash
code for close-by feature descriptors with high probability. Shahbazi
et al. [21] propose to use Locality Sensitive Hashing for large scale
feature matching. They extract SIFT descriptors, which have to be
projected onto random vectors to obtain hash values. In contrast to
that, we exploit the inherent independence among bits in the binary
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Fig. 2: Distance between PTAM’s trajectory and ground truth.
feature vector to perform rapid hash value generation without having
to perform a costly projection.
To be more precise, the hash function generates the same hash
codes for two binary descriptors with a higher probability if their
Hamming distance is less than some r than if their Hamming distance is greater than r. In order to increase the probability of finding the true nearest neighbor, NT hash tables are used in parallel.
We choose the hash function gi to compose the hash code from NB
randomly selected bits in the binary descriptor bit strings BDj =
[bit1 , bit2 , . . . , bitM ]:
h
i
gi (BDj ) = bitr1 , bitr2 , . . . , bitrNB ,
where the indices ri are drawn uniformly and without repetition
from {1, . . . , M } once at instantiation of the hash function.
In combination with LSH, feature matching can be performed
about 23 times faster than exhaustive search. Hash tables for binary
descriptors can be built very efficiently in batch or incrementally as,
with randomly selected hash functions, no time consuming training
is required. This is an important property to restrict the search space
according to visibility constraints at very little overhead.
5. RESULTS
Running PTAM as the baseline visual odometry system1 , we extract
BRIEF, usBRIEF, and ORB binary features (each 256 bits) whenever
a keyframe is inserted. We use the respective OpenCV implementations. By usBRIEF we denote the unscaled BRIEF descriptor, i.e.,
the descriptors are all extracted at the original image resolution. In
contrast to that, BRIEF and ORB descriptors are extracted at the image scale level of the respective FAST keypoint which distinguishes
four resolution layers (each down-scaled by a factor of 2). For all
experiments, we run PROSAC with maximally 100 iterations.
5.1. Evaluation Dataset
For evaluation of the accuracy of PTAM and the relocalization
mechanisms, a tablet2 was mounted on a trolley equipped with laser
scanners and wheel odometry. Running a particle filter localization
algorithm, it provides ground truth with an average accuracy of
2 cm [22]. Video and poses of the trolley are synchronized by hand.
As can be seen in Fig. 1, the dataset was recorded in a well lit but
sparsely textured corridor. The corridor’s left side shows a series of
windows, whereas the right side is blank except for several display
cases. In the middle part, the hallway opens up for a large staircase.
Fig. 1a shows the ground truth path. The run starts in the left
segment of the hallway which is traversed three times before entering the middle segment. The dataset has a length of seven minutes
and the trajectory is about 100 m long. All computation results and
timings were collected on an Intel i5 laptop. In its original form, this
dataset does not cause any tracking failures. Fig. 2 depicts the deviation of PTAM’s undisturbed trajectory estimate from the ground
1 Source

code available from www.robots.ox.ac.uk/˜gk/PTAM/
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Fig. 3: Timing in ms of a single feature LSH query on a database of
15k binary features. The gray areas depict the regions of more than
90% (light gray) and more than 95% (darker gray) chance of finding
the true nearest neighbor. For comparison, the red line depicts the
time required for exhaustive exact nearest neighbor search. The solid
star denotes the parameter choice for our experiments.
truth which, on average, stays below 20 cm. Evidently, PTAM leads
to estimation errors of up to 40 cm for this dataset.
5.2. LSH Parameter Selection
In order to find a good set of parameters for LSH, we evaluate the
query time and the probability of finding the exact nearest neighbor
on a database of 15k binary features. This experiment was conducted
offline using the database of features collected during a complete run
of PTAM on our dataset described in the previous section. In our experiments, the average database comprises 15k binary features, after
having filtered for features that are visible in a radius of approximately 5 m around the current location.
The results of this experiment are shown in Fig. 3. For the following evaluations, we use 11 hash tables and 14 hash bits (indicated by a solid star in Fig. 3). This configuration gives a 23 times
speedup over exhaustive nearest neighbor search at a 90% probability of finding the true nearest neighbor. Additionally, it uses only a
small number of hash tables, which is important for deployment on
a mobile device where memory is scarce.
5.3. Relocalization Timings
As described in Sec. 4, the relocalization algorithm first extracts descriptors from the current frame, finds approximate nearest neighbors of those in the map, and finally robustly estimates the camera
pose from the correspondences.
Fig. 4 shows a breakdown of the time required for relocalization
using either BRIEF, usBRIEF, or ORB. Notice that the LSH preparation, i.e., selecting binary feature descriptors from the current map
and sorting them into hash tables is performed as a batch process.
This can also be done incrementally while descriptors are extracted
from keyframes. Since we expect tracking failures to occur infrequently, in-batch preparation of hash tables is more efficient.
Feature-based relocalization requires the extraction of features
whenever PTAM adds observations. Table 1 lists the timings for descriptor computation as measured on our system. As can be seen,
this adds an overhead at each keyframe. However, due to the use of
binary features, this additional time spent for computation remains
with 3 to 6 ms very limited compared to several hundred milliseconds for SURF descriptors.
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Fig. 4: Relocalization timings for the three binary descriptors split
into the different parts of the recovery procedure. These steps are
necessary only after a tracking loss. ORB extracts around 50% more
features than the BRIEF variants, increasing the time spent for LSH.
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Fig. 5: After a tracking failure, two phases are important to distinguish: The duration of the tracking interruption, TI , and, once the
first usable frame arrives, the time spent to estimate the current pose,
TR . While TI is for the most part determined by external influences,
TR is mainly defined by the relocalization procedure (see Fig. 4).
5.4. Relocalization Precision and Robustness
As depicted in Fig. 5, we need to distinguish two phases that follow a
tracking failure: The first is the duration of the tracking interruption,
TI . The second is the time span, TR , that is spent for relocalization
upon arrival of the first usable frame. TR ends with the completion
of a pose estimate that is accurate enough to restart tracking.
Next, we evaluate the robustness of our binary-feature-based relocalization algorithm with respect to increasing TI . We artificially
introduce a tracking failure at approximately every 80 frames in the
dataset (over a series of experiments). At each position, tracking interruptions of increasing durations, TI , are simulated, after which we
record whether our recovery approach allows us to resume tracking.
Fig. 6 shows the fraction of successful relocalizations for the
three different binary descriptors as a function of the distance between the point of tracking loss and the point of relocalization. Regarding precision, the poses of successful relocalization attempts are
on average 40 cm away from ground truth with maximum distances
of up to 1.5 m. For short interruptions of tracking, the version of
BRIEF that is not scale invariant (usBRIEF) gives almost 100% of
successful recoveries. As the duration of tracking failure increases,
however, the performance drops quickly. ORB and BRIEF, in contrast, remain well above 90% even for considerable distances. Due
to its additional rotation invariance, ORB outperforms the other two
descriptors for long periods of tracking loss. The superior robustness
of ORB comes with the slight drawback of an extraction time about
twice as long as for BRIEF (see Table 1).
As the relocalization process requires a certain amount of time
(TR ), the returned pose estimate is deviating from the actual pose in
the case of camera motion. Thus, in a final experiment, we determine
the maximum deviation for which tracking is able to resume. We interrupt tracking for a fixed duration, TI = 10 s, and subsequently
let the recovery procedure compute a pose estimate. But instead of
feeding it immediately to PTAM, we introduce an additional delay
before the location estimate is forwarded and record whether PTAM
is able to resume tracking. With increasing delay (over multiple runs
of the experiment), the deviation between the pose estimate of our
relocalization algorithm and the actual pose grows, as the camera

Table 1: Extraction time for the three different binary feature descriptors which are extracted at each keyframe. The timings include
feature detection using FAST on four scale octaves (0.9 ms).
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Fig. 6: Fractions of successful relocalization attempts over increasing durations of tracking failure, TI . While the tracking loss persists,
the camera moves away from the last known position. Results for
three different binary feature descriptors. The average distance from
the true position among successful relocalizations is 40 cm.
continues along its trajectory (including translational as well as rotational motion).
For this evaluation, we pick two different spots in the trajectory:
the first within an already explored area, and the second in the middle
of a long stretch of pure forward motion into unexplored parts of the
corridor. We find that PTAM can restart tracking despite a deviation
of up to 1.8 m in the easier scenario in already explored space and
up to 0.8 m in the difficult scenario of purely forward motion. As
mentioned above, our recovery procedure requires 180 to 350 ms to
compute a pose estimate. Thus, for tracking to be able to resume,
the camera motion may not exceed 5.14 m/s in the first scenario and
2.28 m/s in the more difficult second scenario. Assuming a typical
walking speed of 1.5 m/s, the proposed relocalization system can
cope with realistic scenarios.
6. CONCLUSION
From our results we conclude that binary features combined with
LSH for approximate nearest neighbor search yield a fast relocalization technique, which allows visual odometry systems to reliably recover after prolonged periods of tracking failure. In comparison to the widely used SURF features, binary features are up to
40 times faster to extract and Hamming distance computations can
be performed very efficiently. Additionally, they require only half
the memory of standard SURF. In combination with LSH, feature
matching is performed about 23 times faster than exhaustive search.
Here, we exploit the structure of binary features which is particularly
suited for hashing. Restricting the search space according to adaptive visibility constraints allows us to cope with extensive maps at
constant complexity. The algorithm may be employed in any camera
tracking system that provides 3D positions for feature descriptors.
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