
I. INTRODUCTION

variations of viewpoint, scale, rotation, and illumination. Two
of the most popular blob keypoint detectors by Lowe [1]
and Bay [2] are called Scale-Invariant Feature Transform
(SIFT) and Speeded-Up Robust Features (SURF) respectively.
Both SIFT and SURF uses image pyramids [3] for finding
features at various scales. SIFT uses the principal of linear
heat diffusion to approximate the Laplacian of Gaussian using
the Difference of Gaussian (DoG) [4] and isolating the extrema
points from multiple DoG layers [5], while SURF takes a
similar approach but approximates the Gaussian using box
filters for faster speed. Modern image features also detect
the keypoint orientation, which allows the feature to become
rotationally invariant. For example, SIFT finds the orientation
based on the tangent of local x and y pixel contrast difference
in the associated Gaussian scale. It then designates the final
orientation by forming an orientation histogram based on a
region around the keypoint [1]. SURF, on the other hand,
use Gaussian weighted Haar wavelet response within a ra-
dius around the keypoint. The orientation is assigned to the
dominant sum with a sliding orientation window [2]. Later,
Alcantarilla et al. used nonlinear diffusion to maintain natural
boundaries of image objects in the scale space, he first used the
Additive Operator Splitting in KAZE [6], and later improves
its speed by using the Fast Explicit Diffusion in Accelerated-
KAZE (AKAZE) [7]. Alternatively, keypoints can be based on
Harris corners [8], [9], or Features from Accelerated Segment
Test (FAST) [10]. Corner keypoints has been combined with
the pyramid method to gain scale invariance [11]. Rotational
invariance can be achieved by computing orientation intensity
centroid [12] as was done in Oriented FAST and Rotated
BRIEF (ORB) [13]. After obtaining the image keypoint, a
descriptor is needed to provide the keypoint with a distinctive
signature.

This paper introduces a new binary descriptor pattern and

provides details of the BRIEF descriptor

provides the results and concludes this study
respectively.

II. BACKGROUND

The SIFT feature descriptors stems from visual cortex complex
neuron response to gradient at a particular orientation and
spatial frequency. Gradient magnitude and orientation are
accumulated into orientation histograms summarizing over
a subregion. SIFT forms a normalized 128 element feature
vector for each keypoint, it is designed to be invariant to
affine changes in illumination [1]. The SURF descriptor is a
64 element feature vector that replaces the SIFT gradient with
Haar wavelet responses [2]. Although highly distinctive, the
SIFT and SURF descriptors require large amounts of memory
as result of their vector size, new approaches use binary bits
for feature representation. An early binary descriptor is called
Binary Robust Independent Elementary Features (BRIEF)
[14], it uses randomly generated Gaussian patch distributions
and Hamming distances to describe the regional contrast.
Other descriptors have experimented with fixed circular shaped
patterns such as DAISY [15], Binary Robust Invariant Scalable
Keypoints (BRISK) [16], or Fast REtinA Keypoint (FREAK)
[17]. ORB and FREAK uses unsupervised learning to choose
the optimal set of point pairs [13]. Others have used grid
image patches, such as Locally Uniform Comparison Image
Descriptor (LUCID) [18], Local Difference Binary (LDB) [7],
[19], Local Binary Patterns (LBP) [20], Three-Patch LBP [21],
and Learned Arrangements of Three patCH codes (LATCH)
[22]. The descriptor created for this study is inspired by
the randomly generated binary patches used by BRIEF and
cells in the retina similar to FREAK. It also takes inspiration
from LATCH by using three coordinates for second order
differencing to increase feature distinctness.

III. BRIEF

The BRIEF descriptor [14] is a bit vector formed from the
intensity difference of paired points in a smoothed patch
around the keypoint. The test τ is defined on a patch p of
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size S×S, τ is 1 if p(x)< p(y) and 0 otherwise. p(x) is the
pixel intensity of the smoothed patch at the image coordinate
x, where x and y are nd numbers of randomly selected
pairs. The BRIEF descriptor is defined as an nd-dimensional
bitstring fnd

(p) := ∑i∈nd
2i−1τ (p;xi,yi). The patch size S

is set to 31 [13] with Gaussian smoothing kernel patch of
9×9 and σ = 2. Calonder considered different sizes of nd
and found 256 to be the optimal, he used BRIEF-k to denote
the group size, where k = nd/8 representing the number of
bytes to store the descriptor. After testing various point pair
patterns, it was found that an independent and identically
distributed random Gaussian distribution is superior to a polar
pattern and the uniformly randomized distribution. A Gaussian
BRIEF pattern of scale σ = S/r = 31/5 is shown in Fig. 2
(a). Rublee et al. [13] further improved the BRIEF pattern by
rotating it by the corner orientation and applying the greedy
search optimization. The rotated BRIEF pattern is designated
as steered-BRIEF (sBRIEF), and the optimized BRIEF pattern
is called rBRIEF as part of ORB. The default BRIEF and
ORB binary patterns from OpenCV 3.0.0 are shown in Fig. 3
(a) and (b) respectively. The advantage of a randomized binary
pattern over an ordered one is the basis of the new descriptor
discussed in the next section.

IV. yBRIEF

The bitwise differencing of two Gaussian patterns resembles
the centre-surround organization of the receptive field. This
study further mimics the retina anatomy in search of a random
binary pattern. It is well known that the photoreceptors in the
retina are made from rods and cones. The rods have low spatial
resolution and are sensitive to light and the cones are the op-
posite. The rod and cone cells have non-Gaussian distributions
as shown in Fig. 1 [23]. A mirrored Levy probability density
function (PDF) is used to build the rod cells, this is denoted
as pr in the following equation,

pr (x) =

√
c

2π

exp
(
− c

2(x−µ)

)
(x−µ)3/2 (1)

where µ is the mean and is centred to zero. The patch is set
to be twice as large as the BRIEF patch for optimal shape i.e.
Sy = 2S. c is the scale and is optimally tested to be S

y

/r
.

The cones pattern can be represented by using the Laplace
PDF, this is denoted as pc in the following equation,

pc (x) =
1

2b
exp

(
−|x−µ|

b

)
(2)

where µ is zero, b is the scale and is optimally tested to be
c/8. Combining the two distributions in two dimensions, a
50 percent cones-to-rods ratio Levy-Laplace binary pattern
is shown in Fig. 2 (b) and in Fig. 3 (c). Since the new
descriptor is inspired by cell patterns in the eye, and it stems
from the classical BRIEF descriptor, y is added to BRIEF and
henceforward shall be called the yBRIEF descriptor.

A. Differencing Patterns

The baseline pattern uses 256-bit rods and 50 percent cones
resulting in 48-bytes. Pattern R2C represent differencing be-
tween only rods and cones; pattern IND represent differencing
between rods independent from cones; pattern RAND is a
random mixture of rods and cones pairing; pattern VERT
sorts the x-axis coordinates resulting in vertical differencing
lines; this resembles the optimized ORB pattern shown in
Fig. 3 (b). It was found each of the previous patterns has
its own advantages in different image variations. One way
to retain the benefit of each pattern is to combine them
into one matrix. Pattern COMB combines R2C, IND, RAND
and VERT connections into one large matrix of 192-bytes.
While results show COMB has a slightly higher advantage
than the other patterns, it is slow to compute and defeats
the purpose of memory efficient binary descriptors. Pattern
CMBLT and CMBx2 reduces the full COMB to 12-byte and
24-byte individual pattern equivalents by randomly extracting
points from the respective coordinate bins. Pattern HCHV and

[23])
Figure 1. Human retina receptor density distribution (figure reproduced
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HCV gives more weighting to the vertical pattern by randomly
selecting more points from the vertical pattern bin. HCHV
contains half of the combined patterns and half of the vertical
patterns randomly selected to a total of 48-byte equivalence.
HCV contains half of the combined patterns and full vertical
patterns which result in 72-bytes. The various rods and cones
connection patterns and descriptor sizes are shown in Fig. 4.
The red boxes show the yBRIEF descriptor patch size and the
green boxes shows the conventional BRIEF descriptor patch
size. Performance results for the various patterns are provided
in Sec. VI-A.

B. Corner Orientations and Scale Invariance

yBRIEF is a variation of the BRIEF and ORB’s rBRIEF
descriptor; therefore, it is naturally more suited for corner
keypoints using Harris or FAST scores rather than blob
keypoints such as SIFT, SURF, and AKAZE. This property
was demonstrated with tests using both corner and blob
keypoints. Rotation adjustment for yBRIEF is generated using
the corner orientation intensity centroid as was used in ORB.
Scale invariance is improved by generating image pyramids
and extracting keypoints from each pyramid layer. To gain
a precise understanding of the yBRIEF pattern effectiveness,
the sBRIEF and BRIEF tests shall use the same keypoints as
yBRIEF. The corner keypoints are generated by using image
pyramids, the number of octave layers is 8 and the scale factor
is 1.2 same as ORB.

C. Lc Differencing

Both BRIEF and ORB perform patch smoothing to reduce
the influence of noise on the descriptor performance. In
OpenCV 3.0.0, BRIEF uses a box filter, while ORB uses a
Gaussian filter for smoothing. In search of a more efficient
alternative to patch smoothing, inspired by LATCH [22],
this study attempted to use a third point to compute second

order differencing in addition to the single hash differences.
The second order differencing bit is stored with the original
descriptor and is called Lc differencing. The first two points in
Lc differencing are a rod and a cone; the number of Lc points
are selected to be 50 percent of the rods. An example of the
90 degrees Lc configuration is shown in Fig. 5 (a) and (b).
Final image tests show, however, while more computationally
expensive, Gaussian smoothing still outperforms the box filter
and Lc differencing on average. The results of these tests are
given in Sec. VI-B.

V. EXPERIMENTAL IMAGES

The Oxford image data set a introduced by Mikolajczyk and
Schmid [24], shown in Fig. 6, is a standard test set used for
image feature evaluation. This data set contains several dif-
ferent categories of images with combined variations in scale
(Graffiti, Boat), viewpoint (Graffiti), rotation (Boat, Graffiti),
blur and pixelation (UBC). To study the feature’s ability to
resolve noise, the Iguazu image data set [7] is also added
to the test matrix. Each image set contains six images, the
first image is used as the reference and the other five images
have increased category difficulty. Ground truth homography
is provided for all the images so the match score can be
computed.

To evaluate the descriptor performance, Mikolajczyk [24]
suggest the use of Receiver Operating Characteristics (ROC)
[25] in the context of training feature retrieval given a query
feature. The ROC precision, also known as the positive pre-
dicted value (PPV) is defined as Precision= TP/EP , where
EP is the estimated positive or all found matches, and TP is
the true positive matches from EP . TP is confirmed by the
homography transformation of the training keypoint to within
5 pixels of the matched query keypoint. A true non-match

awww.robots.ox.ac.uk/∼vgg/data/data-aff.html
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requires no transformed training keypoints to fall within the
same pixel proximity of a query keypoint. The ROC recall is
defined as Recall= TP/AP , where AP is the actual positive
matches overall or the sum of TP and the false negatives
(FN ). FN are all queries minus non-matches and TP *.
Finally, the descriptor computation times are scaled by the
BRIEF computation time such that speed can be discussed
independently of any specific processor.

VI. RESULTS AND DISCUSSION

The yBRIEF binary descriptor pattern is tested against BRIEF,
sBRIEF, ORB, AKAZE, SURF, and SIFT. yBRIEF, BRIEF,
and sBRIEF are implemented using the code generated in
MATLAB while ORB, AKAZE, SIFT and SURF are com-
puted by the OpenCV 3.0.0 executables. Timings are compared
between the compatible BRIEF family descriptors. The total
number of keypoints for each feature are limited to the 500
strongest intensity ones. ORB keypoints are computed using
the FAST score while BRIEF, sBRIEF, and yBRIEF used the
Harris-Noble corner [9] with non-maximum suppression, cor-
ner orientation, and image pyramids. OpenCV 3.0.0 k-Nearest
Neighbour (kNN) routine is used for descriptor matching.
SIFT and SURF used the NORM L2 kNN, all of the binary
descriptor features used the NORM HAMMING2 kNN. For
comparable results, the kNN ratio tolerance for SIFT, SURF,
AKAZE and ORB is set to 0.875, while sBRIEF and BRIEF
is set to 0.95, and yBRIEF is set to 0.925.

A. Rod and Cone Patterns

The recall versus 1-precision graph shows the performance
of the descriptor for its ability to correctly access from
the real matches and its preciseness in the found matches.
Figure 7 shows recall versus 1-precision for all the differencing
patterns. The COMB pattern slightly outperformed the other
patterns in rotation, noise, and pixelation. RAND, however,
outperforms COMB in Graffiti where scale, viewpoint, and
orientations are varied. Furthermore, RAND outperforms all
of the patterns with the same descriptor length. Given the

*This study computes AP based on found matches to query keypoints
rather than region correspondence used by Mikolajczyk and Schmid [26].

higher memory and processing required for longer descriptors,
RAND offers the best value from all the studied patterns.

B. Lc Differencing and Patch Smoothing

In the study for Lc differencing, eleven cases were tested for
all image sets. These cases are: Lc-off with box filter (L0FB);
Lc-off with Gaussian filter (L0FG); Lc-90 deg with Gaussian
filter (L90FG); random cone-rod-cone connections (CRCC);
random rod-rod-rod connections (RRRC); Lc-0 to Lc-180
degrees (Lc-XX); and no latch and no patch smoothing
(L0F0). The recall versus 1-precision graphs for the various
Lc differencing and patch smoothing techniques are shown in
Fig. 9 for the four test image sets. Surprisingly, Lc differencing
did not have any effect for Graffiti, Iguazu, and UBC. The
Lc-45 outperformed the other Lc angles in Boat. Figure 5 (c)
shows with the increasing number of Lc point-to-rod ratio, the
computation time increases linearly. While small increases in
the recall have been added by using this technique, it does not
amount to significant value for the overall descriptor quality.
The Gaussian filter has higher recall and precision than the
box filter and can be considered to outperform all methods
overall.

C. Descriptor Performance

In the final test, all features are tested with yBRIEF using
the RAND pattern, Gaussian filtering, and without Lc differ-
encing. The recall vs. 1-precision graphs is shown in Fig. 9.
The yBRIEF descriptor outperforms the classical BRIEF and
sBRIEF with wide margin, and as indicated by Fig. 5 (c), there
is only a 10 percent increase in the computation time. yBRIEF
outperforms ORB and SIFT in Iguazu and UBC respectively.
In Graffiti, yBRIEF achieves better recall than AKAZE but
lags in precision. In general, yBRIEF performance is tanta-
mount to the tested features while does not lead them.

Boat, Bottom-left(c): Iguazu, Bottom-right(d): UBC
Figure 6. Oxford image data set plus Iguazu. Top-left(a): Graffiti, Top-right(b):
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Figure 7. Recall vs. 1-Precision Pattern Performance
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VII. CONCLUSIONS

In conclusion, this study developed and tested a new binary
descriptor termed yBRIEF based on the retina’s rod and cone
cell patterns. Various patterns are tested for the yBRIEF
descriptor in addition to the studies of patch smoothing and
second order differencing. The yBRIEF descriptor exceeds the
classical BRIEF and sBRIEF descriptors with a slight increase
in computation time. Finally, the yBRIEF descriptor performs
in tantamount to SIFT, SURF, AKAZE, and ORB.
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Figure 9. Recall vs. 1-Precision for All Features

Figure 8. Recall vs. 1-Precision Patch Smoothing
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