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Figure 1: Illustration of tracking robustness in low light and under sudden and drastic illumination changes.

Abstract

We present an algorithm for robust and real-time visual
tracking under challenging illumination conditions char-
acterized by poor lighting as well as sudden and drastic
changes in illumination. Robustness is achieved by adapt-
ing illumination-invariant binary descriptors to dense im-
age alignment using the Lucas and Kanade algorithm. The
proposed adaptation preserves the Hamming distance un-
der least-squares minimization, thus preserving the photo-
metric invariance properties of binary descriptors. Due to
the compactness of the descriptor, the algorithm runs in ex-
cess of 400 fps on laptops and 100 fps on mobile devices.

1. Introduction
Visual tracking is an important problem with myriad ap-

plications in Vision, and Robotics. With the availability of
high frame-rate data, or equivalently small inter-frame dis-
placements, dense methods for image registration exempli-
fied by the Lucas and Kanade algorithm (LK) [27] and Horn
and Schuck [21] are the methods of choice for efficient sub-
pixel tracking. Dense, or direct, methods enjoy enhanced
precision as most of the image pixels are used to estimate a
small number of degrees-of-freedom [23], and are also ef-
ficient and amenable to parallelization [24]. Nonetheless,
dense methods rely on the brightness constancy assumption
requiring constant reflection as a function of changing il-
lumination, which is seldom satisfied in real scenarios as
illustrated in Figs. 1 and 2.

Developing illumination-invariant tracking algorithms
remains an important research problem as evident by the
range of algorithms in the literature, where two main
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Figure 2: Appearance variations between images may appear
subtle. But, closer inspection of the distribution of intensities re-
veals otherwise. The proposed descriptor maintains its distribution
shape as a function of nonlinear changes in illumination.

paradigms for robust tracking can be found. The first is
formulating the tracking objective using intrinsically ro-
bust cost metrics [34] such as the Mutual Information [13,
32], or the Normalized Correlation [22, 14], which have
been shown to perform robustly especially for multi-modal
data [12]. The second approach relies on estimating the il-
lumination parameters alongside the motion [4, 2, 44].

On the one hand, robust cost metrics are more sen-
sitive to the initialization point and their optimization is
more challenging than least-squares as accurate estimates
of second-order derivatives (the Hessian) are typically re-
quired [29]. Conversely, estimating the illumination param-
eters relies on modeling assumptions, which are difficult to
generalize and craft correctly.

In this work, we propose densely evaluated local feature
descriptors as a nonparametric means for robust illumina-
tion invariant tracking. In particular, we demonstrate the
integration of binary descriptors [43] in a multi-channel LK
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framework for robust and real-time performance.
Feature descriptors have been instrumental in the evo-

lution of computationally efficient sparse image alignment
algorithms. In particular, binary descriptors promise en-
hanced robustness due to their invariance to various nonlin-
ear intensity deformations [19, 15, 17, 40]. Binary descrip-
tors are also efficient to compute, especially in hardware as
floating-point operations are typically not required.

The use of the descriptor constancy in direct tracking is
relatively new and is beginning to be explored [37, 1, 6, 10].
Among the first applications of descriptors in tracking is the
“distribution fields” approach, which targeted the preserva-
tion of local image details at coarse octaves of the scale-
space [36]. In optical flow, descriptor matching constraints
have been integrated to address large motions [8]. Recently,
the use of dense HOG [11] and SIFT [26] has been demon-
strated for estimating correspondences across object cate-
gories using the LK algorithm [6]. Closest to our work are
the “descriptor fields” tracking approach (DF) [10] and the
feature-based LK algorithm (FLK) [1]. Descriptors in the
DF approach are computed by separating a smoothed ver-
sion of the image gradient into positive and negative sig-
nals [10]. In FLK [1], a number of feature descriptors have
been used in tracking and Active Appearance Models [9].

To date, however, the use of binary features in tracking
has been limited to pixel accuracy [39, 28], which is often
insufficient for accurate tracking. In this work, we demon-
strate the use of binary descriptors for sub-pixel alignment
tasks using the LK algorithm. Critical to maintaining the
invariance of binary descriptors is matching them under ap-
propriate binary norms such as the Hamming distance [5].
Nonetheless, binary metrics are often non-differentiable and
are usually approximated [40]. The approximation of the
matching metric, however, comes at the price of reduced
photometric invariance. A notable example of binary fea-
tures within gradient-based optimization has been demon-
strated on face alignment tasks [33]. But, the approach re-
mains limited to sparse facial landmarks.

Unique to our adaption of binary features for LK is the
equivalence of the sum of squared residuals to the Hamming
distance as we illustrate in Section 3. In the next section, we
review the multi-channel LK formulation.

2. Multi-Channel Lucas-Kanade
Let I0 : R2 → R be the template/reference image. After

camera motion with parameter vector θ ∈ Rp, we obtain an
input/moving image I1. We desire to estimate the parame-
ters of motion such that we minimize:

E(x;θ) =
∑
x∈Ω0

∥I0(x)− I1(x
′(θ))∥22, (1)

where Ω0 is a subset of pixels in the template, θ is an ini-
tial estimate of the motion parameters and x′(θ) describes

the transformed pixel coordinates given the motion param-
eters, commonly known as the warping function. By per-
forming a first-order Taylor expansion of Eq. (1) in the
vicinity of θ, taking the derivative with respect to the pa-
rameters, and equating it to zero, we arrive at the nor-
mal equations: J(x;θ)⊤J(x;θ)∆θ = J(x;θ)⊤e(x;θ),
where J(x;θ) is the matrix of partial derivatives of the
warped image intensities with respect to the motion param-
eters evaluated at the current estimate of parameters θ, and
e(x;θ) = I0(x)− I1(x

′(θ)) is the vector of residuals. Us-
ing the chain rule, we obtain J(x;θ) = ∂I1(x)

∂θ = ∂I
∂x′

∂x′

∂θ ,
where ∂I1/∂x′ is estimated stochastically through x- and y-
finite differences, while ∂x′

/∂θ is usually obtained determin-
istically using the closed-form of the warping function. The
original formulation of LK is applicable to a variety of prob-
lems. For special warps that satisfy a group requirement,
however, a more efficient variant is Baker & Matthews’ In-
verse Compositional algorithm (IC) [3] which we will use
in the experimental portion of this paper.

The extension to multi-channels proceeds as follows. Let
ϕ0 : R2 → Rd be the d-channel representation of the tem-
plate image. Employing a similar notation to the classical
LK algorithm, after camera motion with parameter vector
θ ∈ Rp, we obtain an input d-channel representation ϕ1.
To align descriptors using LK we seek to minimize:

Eϕ(x;θ) =
∑
x∈Ω0

d∑
j=1

∥ϕj
0(x)− ϕj

1(x
′(θ))∥2, (2)

where the jth channel is denoted with ϕj such that ϕ(x) =
[ϕ1(x) . . .ϕd(x)]⊤. To linearize Eq. (2) we must obtain an
estimate of the Jacobian Jϕ(x;θ) = ∂ϕ/∂θ ∈ Rd×p, which
can be obtained using the chain rule

∂ϕj
1(x)

∂θ
=

∂ϕj
1

∂x′
∂x′

∂θ
for j = 1, . . . , d, (3)

where ∂ϕj
1/∂x′ is estimated stochastically through x- and y-

finite difference filters on ϕj
1, and ∂x′

/∂θ is obtained deter-
ministically from the warp function. The multi-channel d×
p Jacobian matrix can then be formed as

Jϕ(x;θ) =
∂ϕ1(x)

∂θ
=

[
∂ϕ1

1(x)
∂θ . . .

∂ϕd
1(x)
∂θ

]⊤

. (4)

Using this multi-channel linearization, extensions and vari-
ations of the LK algorithm can be used with different multi-
channel descriptors [1, 6]. In the next section, we demon-
strate the application of the multi-channel LK algorithm to
matching binary descriptors.

3. Lucas-Kanade with Binary Descriptors
In this work, we consider the simplest form of binary

descriptors: The Census Transform (CT) [43]. The CT
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Figure 3: Illustrating of the Census Transform. In Fig. 3a the
center pixel is compared to its neighbors as shown in Fig. 3b. The
descriptor is obtained by combining the results of each comparison
in Fig. 3c into a single scalar.

Figure 4: An example of the CT evaluated on a 3 × 3 neighbor-
hood, which results in an 8-channel Bit-Planes descriptor.

is based on the predicate of pixel comparisons in a small
neighborhood as illustrated in Fig. 3 and is commonly used
in robust optical flow [17] and stereo [41, 20]. The same
idea was independently developed under the name Local Bi-
nary Patterns (LBP) [30]. We will use the CT term through-
out as LBP is commonly associated with a non-binary his-
togrammed version [31]. By definition, the CT is invariant
to monotonic changes in intensity. Its computation can be
performed efficiently as it relies on comparison operators in
a small 3×3 neighborhood. Since there are only eight com-
parisons per pixel, the CT signature is composed of an 8-bit
pattern, which is commonly stored in a compact form as a
single channel image as illustrated in Fig. 4. A byte in the
CT image at pixel location x is given by

ϕ(x) =

8∑
i=1

2i−1
[
I(x) ▷◁ I(x+∆xi)

]
, (5)

where {∆xi}8i=1 is the set of the eight relative coordinate
displacements possible within a 3×3 neighborhood around
the center pixel location x. Other neighborhood sizes and
sampling locations can be used, but we found a 3 × 3 re-
gion to perform well. The operator ▷◁∈ {>,≥, <,≤} is a
comparison, and the bracket denotes the indicator function.

Due to the compactness of a single-channel descriptor,
one may be tempted to use it directly for tracking in lieu
of the original image intensities. Nonetheless, the use of
the single-channel representation produces biased estimates
due to the dependence on arbitrary pixel ordering as we will
demonstrate in the sequel. The alternative is to separate

the descriptor into multiple channels composed of bits to
produce that we call Bit-Planes as visualized in Fig. 4.

3.1. The BitPlanes descriptor

When matching binary descriptors, it is a common prac-
tice to employ the Hamming distance. This is important
because the Hamming distance is invariant to the ordering
of pixel comparisons within the neighborhood used to com-
pute the descriptor. In contrast, the sum or squared dis-
tances (SSD) lacks this desirable property and is dependent
on the ordering specified by {∆xi}8i=1. This becomes prob-
lematic when employing dense binary descriptors within the
LK framework due to its inherent dependence on the SSD.
To make dense binary descriptors compatible with LK we
propose the Bit-Planes descriptor given by:

ϕ(x) =

I(x) ▷◁ I(x+∆x1)
...

I(x) ▷◁ I(x+∆x8)

 ∈ R8×1 . (6)

For each pixel coordinate x in the image, this descriptor
produces an 8-channel binary-valued vector. Notably, using
the SSD with the multi-channel representation in Eq. (6)
between two Bit-Planes descriptors is equivalent to the
Hamming distance between the single-channel CT images.
Specifically, the ordering of the pixel comparisons within
the 3 × 3 neighborhood of the Bit-Planes descriptor has no
effect on the SSD.

The Hamming distance is defined as the sum of mis-
matched bits between two binary strings [18]. To illus-
trate the equivalence between the Hamming distance and
the sum of squared errors using Bit-Planes we use an ex-
ample composed of three bits. Let a = {1, 0, 1}, and
b = {0, 1, 1}. The Hamming distance between a and b
is 2 as the two bit strings differ at two locations. The
sum of squared differences between a and b is given by
(1 − 0)2 + (0 − 1)2 + (1 − 1)2, which is identical to the
Hamming distance.

4. Linearizing Bit-Planes

In this section we answer a number of important ques-
tions regarding the validity of the dense Bit-Planes descrip-
tor for robust and efficient image alignment.

In order for the Bit-Planes descriptor to be effective
within a multi-channel LK framework we need to ensure
the existence of an approximate linear relationship between
the Bit-Planes and geometric displacements. Inspecting a
depiction of the descriptor in Fig. 4, one might be doubt-
ful about the existence of such relationship as each chan-
nel of the descriptor is discontinuous. In addition, estimat-
ing stochastic gradients per binary channel seems strange as
they can take on only a handful of possibilities



The news is not all gloomy. In Fig. 5b we see the SSD
cost surface between a patch within a natural image and
shifted versions of itself in the x- and y- directions averaged
over a subset of natural images. As expected, we observe
the quasi-convex cost surface for raw pixel intensities. The
shape of the cost surface is important to the effectiveness of
the LK algorithm — as the LK objective relies on a graceful
reduction of the SSD cost as a function of geometric dis-
placement. Interestingly, when inspecting Fig. 5a we see a
similar quasi-convex cost surface, albeit not as wide, which
indicates that Bit-Planes have similar properties to raw pixel
intensities when using the SSD as a measure of dissimilar-
ity. The disadvantage, however, is a narrower basin of con-
vergence in comparison to using raw intensities.

(a) Bit-Planes. (b) Raw intensity.

Figure 5: Cost surface of our Bit-Planes descriptor Fig. 5a com-
puted over a subset of natural images [42] in comparison to the
SSD over raw intensity Fig. 5b. Both surfaces are suitable for LK.

4.1. Quality of linearization

Consider a translational displacement warp ∆θ ∈ R2

where we attempt to linearly predict an image representa-
tion R (raw pixels I, or Bit-Planes ϕ) in the x- and y- di-

(a) Bit-Planes. (b) Raw intensity.

Figure 6: Assessment of the linearization properties of the Bit-
Planes descriptor in terms of the signal-to-noise-ratio (SNR) as a
function of translational displacement. Even though raw pixels
enjoy a higher SNR, using Bit-Planes offers a sufficient approxi-
mation for a gradient-based optimization framework.

Table 1: Planar template tracking runtime until convergence in
frames per second on a single core Intel i7-2460M @ 2.8 Ghz.

Template area
75× 57 150× 115 300× 230 640× 460

Intensity 650 360 140 45

Bit-Planes 460 170 90 35

rections, R(x(0)) + ∂R(0)
∂θ ∆θ ≈ R(x(∆θ)). The error of

this linear approximation is given by

ϵ(∆θ) =
∑

x∈Ω∥R(x(0)) + ∂R(0)
∂θ ∆θ −R(x(∆θ))∥22 , (7)

and its signal-to-noise-ratio (SNR) can be computed using

SNR(∆θ) = 10 ·
(
log

∑
x∈Ω∥R(x(0))∥22 − log ϵ(∆θ)

)
. (8)

In Fig. 6 we show the SNR of the linearized objective as
a function of increasing translational shifts from the true
minima for both raw intensities, and Bit-Planes. The exper-
iments were carried out similarly through the use of a sub-
set of natural images and aggregated to form the results in
Fig. 6. As expected, the SNR when using binary features is
lower than using raw intensities due to the additional quanti-
zation when using binary data. However, it seems that — at
least qualitatively — Bit-Planes gradient estimates provide
a good local linear approximation of the objective.

5. Experiments
5.1. Comparison with LK using the CT

Employing Bit-Planes requires the alignment of eight
separate channels as opposed to a single channel when
working with raw intensities. In Section 3 we discussed
the problems of using the CT within the LK framework. In
particular, the representation is inherently sensitive to the
ordering of pixel comparisons when using a SSD measure
of dissimilarity. Using the CT within a LK framework as
been reported to perform well [40, 17] given small displace-
ments. However, under moderate displacements the use of
the CT in LK introduces biases due to choices of the binary
test and neighborhood ordering. In Fig. 8 we show the effect
of differing binary comparison operators ▷◁∈ {>,≥, <,≤}
compared to our proposed Bit-Planes descriptor. Our adap-
tation of the CT is unaffected by the ordering. In our ex-
periments we noticed indistinguishable differences in per-
formance between binary comparison operators when em-
ploying the Bit-Planes descriptor. As a result, we chose to
use the > operator for the rest of our experiments.

5.2. Realtime template tracking

We evaluate the performance of Bit-Planes for a template
tracking problems using the benchmark dataset collected by
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Figure 8: Drift when using the CT vs. Bit-Planes. The bottom
row shows the result of template tracking using a single-channel
CT. The images are magnified for better visualization (compare
with BP result). Best viewed in color.

Gauglitz et al. [16]. An example of the dataset is shown in
Fig. 10. Our plane tracker estimates an 8DOF homography
using the IC algorithm [3]. The template is extracted from
the first frame in each sequence and is kept fixed throughout
as we are interested in tracking robustness overtime. To im-
prove convergence we use a 3-level pyramid and initialize
the tracker for subsequent frames using the most recent esti-
mate. We use Gauss-Newton as the optimization algorithm,
without robust weighting, and with a maximum of 100 it-
erations. Tracking terminates early if the relative change in
the estimated parameters drops below 1×10−6, or the rela-
tive change in the cost function drops below 1× 10−5. For
small motions, the tracker typically converges in less than
10 iterations using Bit-Planes, or raw intensities. Our im-
plementation runs faster than real time as shown in Table 1.
The efficiency is achieved by utilizing SIMD instructions on
the CPU, which allow us to process 16 pixels at once (or 32
pixels with AVX instructions). Additionally, the operations
required to compute the descriptor are limited to bit shifts,
ORs and ANDs, all of which can be performed with high

Table 2: Algorithms compared in this work. Number of
parameters indicate the DOF of the state vector, which is 8
for a plane in additon to any photometric parameters. We
use the authors’ code for ECC and DIC.

Algorithm # parameters # channels

BP (ours) 8 8
ECC [14] 8 1
DIC-1 [4] 10 1
DIC-2 [4] 20 3
DF [10] 8 5
GC [7] 8 3
GM 8 2
LK 8 1

throughput and low latency.
We compare the performance of our algorithm against

a variety of template tracking methods summarized in Ta-
ble 2. The algorithms are: the Enhanced Correlation Co-
efficient ECC [14], which serves as an example of an in-
trinsically robust cost function that is invariant to affine il-
lumination change. The Dual Inverse Compositional (DIC)
algorithm [4], which severs as an example of algorithms that
estimate illumination parameters alongside the motion. We
use two variations of the DIC: (i) the gain+bias model on
grayscale images denoted by DIC-1, and (ii) using a full
affine lighting model the makes use of RGB data denoted by
DIC-2. We also compare the performance against a recently
published descriptor-based method [10] called Descriptor
Fields DF. Finally, we include baseline results from raw
intensity LK, improved LK with the Gradient Constraint
GC [7], and alignment with the Gradient Magnitude GM.

We report two quantities in the evaluation. The first is
the percentage of successfully tracked frames. A frame is
successfully tracked if the overlap between the estimate and
the ground truth is greater than 90%. The overlap is com-
puted as o = (A ∩ B)/(A ∪ B), where A is the warped
image given each algorithm’s estimate, and B is the warped
image given the ground truth. Second, since we are also
interested in subpixel accuracy we show the mean percent-
age of overlap across all frames given by m = 1/n

∑n
i=1 oi,

where n is the number of frames in each sequence.
Results are compared for three types of geometric and

photometric variations suitable for LK-based alignment.
First is an out of plane rotation, which induces perspective
change as shown in Fig. 10b. Second, is dynamic lighting
change where the image is stationary but illuminated with
nonlinearly varying light source. Finally, a static lighting
change, where illumination change is sudden.

Our evaluation results are shown in Table 3 and in Fig. 9.
The top performing methods are baed on a descriptor con-
stancy assumption, namely: BP and DF. However, BP is
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Figure 10: Tracking results using the Bricks dataset [16]. The
top row of each figure shows the performance of Bit-Planes, while
the bottom row shows classical intensity-based LK.

more efficient and it performed significantly better for the
out of plane rotation data. In fact, all tested algorithms, ex-
cept BP, performed poorly with this data. Algorithms that
use a robust function (ECC) and ones that estimate illumi-
nation (DIC) performed well, but fell behind in comparison
to descriptor constancy and even the gradient constraint.

5.3. Robustness to specular reflections

We use the “book” dataset [38] to illustrate robustness
to severe specular reflections, where more than 50% of
the template is oversaturated by specular reflections. The
dataset does not contain groundtruth, so qualitative results
are shown in Fig. 12 in comparison to other methods. Refer-
eeing to Fig. 12, our approach maintains robust and accurate
tracking under challenging specular reflections.

5.4. Results on mobile devices

We further evaluate the work on high frame rate data
(Slo-mo) using two smart mobile devices: the iPad Air 2
and the iPhone 5s. In addition to compression artifacts,
we made the data more challenging by flicking the lights
multiples times during acquisition to cause sudden lighting
change and low illumination. The videos are recorded with
unsteady hands causing further motion blur. An example of
the videos is shown in Fig. 11 featuring an ambiguously tex-
tured object in Fig. 11a, normal levels of texture in Fig. 11b
as well as higher amount of texture in Fig. 11c. The first
image starting from the left in Fig. 11 shows the selected
template, which we hold fixed throughout tracking. The to-
tal number of frames from the videos combined is 6447.

We compare the performance of dense tracking us-
ing Bit-Planes with the RANSAC-based track by detec-
tion using two types of binary descriptors, ORB [35] and
BRISK [25]. In terms of efficiency, even though our mobile
device implementation does not make use of NEON instruc-
tions or the GPU, we outperform OpenCV3’s optimized im-
plementations of ORB and BRISK by a substantial margin.
More importantly, our approach is more robust. Feature-
based tracking failed on ≈ 15% of the frames due to either
the inability to detect features under low light, or failure due
to imprecise correspondences under motion blur.

Perhaps more interestingly, Bit-Planes is able to main-
tain performance with smaller image resolution. In fact,
tracking speed more than doubles when reducing the tem-
plate size by half. However, this is not the case with sparse
features as memory overhead depends on the number of ex-
tracted keypoints, which we kept fixed at 512. It is possible
to improve the tracking speed of ORB and BRISK by reduc-
ing the number of extracted keypoints. However, lowering
the number of keypoints must be done carefully as not to
compromise the robustness of the system. We note that the
ability to work with lower resolution is important on mobile
devices to lower power consumption.

Finally, we note that while dense Bit-Planes tracking
produces faster and more accurate results, its main limita-
tion is the inability to recover if the template is lost due to
occlusions, significant drift or large motions. In such cases,
track by detection can be of immense value to re-initialize
LK-based methods if needed.

6. Conclusions

In this work, we presented an algorithm for robust track-
ing in low and under sudden and arbitrary changes in il-
lumination. The proposed algorithm is a novel adaption
of binary feature descriptor to a multi-channel Lucas and
Kanade algorithm. Under our formulation, we demon-
strated the equivalence of the Hamming distance to the sum
of squared difference. Hence, the proposed tracking ap-



Table 3: Template tracking evaluation [16]. We show the percentage of successfully tracked frames. In parenthesis we show the average
percentage of overlap for all successfully tracked frames. The available textures are: br (bricks), bu (building), mi (mission), pa (paris),
su (sunset), and wd (wood).

br bu mi pa su wd

Out of Plane Rotation

BP 100.0 (99.38) 100.0 (99.51) 87.50 (99.38) 97.92 (99.26) 79.17 (99.57) 93.75 (99.30)
ECC 25.00 (96.16) 33.33 (95.85) 25.00 (95.99) 33.33 (96.65) 20.83 (95.52) 18.75 (95.14)
DIC-1 25.00 (96.20) 33.33 (95.83) 25.00 (95.98) 33.33 (96.73) 20.83 (95.95) 18.75 (95.46)
DIC-2 25.00 (96.22) 35.42 (95.56) 25.00 (95.51) 35.42 (96.42) 25.00 (96.22) 18.75 (95.06)
DF 91.67 (99.51) 93.75 (99.44) 79.17 (99.70) 85.42 (99.75) 70.83 (99.60) 83.33 (99.51)
GC 100.0 (99.24) 95.83 (99.66) 87.50 (99.52) 93.75 (99.51) 62.50 (98.88) 91.67 (99.34)
GM 62.50 (99.86) 83.33 (99.62) 77.08 (99.72) 77.08 (99.81) 58.33 (99.71) 62.50 (99.66)
LK 93.75 (99.68) 91.67 (99.70) 83.33 (99.32) 91.67 (99.63) 37.50 (97.64) 66.67 (99.63)

Dynamic Lighting Change

BP 100.0 (98.97) 100.0 (99.08) 100.0 (99.13) 100.0 (98.91) 100.0 (98.98) 100.0 (99.02)
ECC 16.33 (98.03) 19.39 (99.00) 100.0 (98.64) 100.0 (98.69) 100.0 (97.30) 67.35 (98.55)
DIC-1 100.0 (98.40) 100.0 (99.04) 100.0 (98.77) 100.0 (98.60) 86.87 (96.02) 20.41 (95.36)
DIC-2 100.0 (98.39) 100.0 (98.85) 100.0 (98.61) 100.0 (98.58) 85.86 (96.42) 26.53 (97.73)
DF 100.0 (99.30) 100.0 (99.08) 100.0 (98.35) 100.0 (98.87) 20.41 (99.36) 68.37 (99.02)
GC 17.35 (99.87) 100.0 (99.50) 22.45 (99.84) 18.37 (99.88) 12.24 (99.72) 17.35 (99.84)
GM 17.35 (98.99) 19.39 (99.23) 23.47 (99.10) 19.39 (99.08) 0.00 (0.00) 0.00 (0.00)
LK 13.27 (99.34) 31.63 (98.26) 18.37 (98.82) 18.37 (99.32) 12.24 (99.16) 16.33 (98.96)

Static lighting change

BP 100.0 (99.76) 100.0 (99.85) 100.0 (99.61) 100.0 (99.85) 100.0 (99.63) 100.0 (99.76)
ECC 100.0 (97.33) 100.0 (97.67) 100.0 (97.75) 100.0 (97.41) 100.0 (96.79) 100.0 (97.55)
DIC-1 100.0 (97.70) 100.0 (97.77) 100.0 (97.80) 100.0 (97.20) 98.72 (96.58) 89.74 (96.19)
DIC-2 100.0 (97.58) 79.49 (97.59) 100.0 (97.07) 100.0 (97.13) 89.74 (95.75) 79.49 (96.38)
DF 100.0 (99.68) 100.0 (99.51) 76.92 (99.71) 100.0 (99.77) 74.36 (99.70) 100.0 (99.83)
GC 74.36 (99.73) 74.36 (99.84) 48.72 (99.97) 74.36 (99.76) 48.72 (99.74) 51.28 (99.88)
GM 48.72 (99.88) 74.36 (99.75) 74.36 (99.66) 74.36 (99.81) 48.72 (99.76) 48.72 (99.83)
LK 48.72 (99.80) 74.36 (99.67) 48.72 (99.95) 48.72 (99.93) 48.72 (99.40) 48.72 (99.94)

Table 4: Template tracking running time on ARM architecture
using a single CPU core in frames per second (FPS). The bottle-
neck for Bit-Planes is image resizing and warping, which could be
mitigated using the GPU. Results are averaged over three videos
of challenging data totalling 6446 frames.

iPad Air 2 iPhone 5s
template size BP ORB BRISK BP ORB BRISK

70× 55 123 N/A N/A 50 N/A N/A
150× 115 48 15 15 22 13 13
311× 230 17 12 14 10 8 11

proach maintains the photometric invariance properties en-
joyed by binary descriptors. In addition to robustness, we
obtained precise subpixel localization of binary descriptors
at speeds faster than real-time on laptops and mobile de-
vices.
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