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Figure 2: Examples of training images and clipped textures. (a) , (d) Images used for training. (b), (¢) Texture area extracted for training (c), (f)
Examples of the images used for evaluation.

that, in case of misclassification, estimated likelihood is
reduced for the wrong class while it is increased for the
correct class. The example of update step is then:

(®)

where p is an additional parameter regulating ratio
between the gradients for the correct and the incorrect
classifications.

3.6 Experiments

In our experiments, we mainly concentrate on the task of
binary texture recognition that we wuse for further
implementation on the mobile device. For that, we select
an image with a known textured area and train original
Ferns as well as SVM-boosted Ferns by creating
histograms of probability distributions for texture and
background classes. This includes affine transformations
of patches taken from both areas to make resulting
marginal distribution pose-independent. We evaluate the

accuracy by classifying several test images, for which the
ground truth values were given by hand, and evaluating
the ratio of misclassified pixels to the total number of
pixels.

We perform tests of different methods on the two sets of
images, 3 480x640 RGB images each, with 1 image used
for training and two images with differing texture poses
used for testing (examples given in Figure 2), comparing
accuracy of original Ferns and SVM-boosted ferns for 3
values of 1(Fy,c;), for both interleaved and separate training
phases. The results of completed training are presented in
table 3. In the table log, prob and bin standing for
likelihood functions 1, 2 and 3, respectively, applied to
original Ferns (no weighting), wlog, etc. refer to weighted
Ferns using separate training, and iwlog, etc. to weighted
Ferns using interleaved training. It can be seen that all
methods that use training provide increased accuracy over
the original Ferns method, especially when the Ferns bit
size and total amount of features are decreased. For
particularly low values of fern size (below 6 bit), the
binary method starts to outperform other methods of
likelihood estimation. This is useful for applications where
the amount of storage is limited, since it allows storing
each feature in single bits rather than floating point values.
It should be noted that this increase of accuracy comes
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Table 3: Average ratio of successfully recognized pixels to the total number of pixels in the test images. Sample test images for the image sets 1
and 2 are presented on 2¢ and 2f, respectively.

Image set 1 Image set 2
6 bits, 30 Ferns |8 bits, 30 Ferns | 8 bits, 50 Ferns |6 bits, 30 Ferns |8 bits, 30 Ferns |8 bits, 50 Ferns
log 0.76 0.78 0.80 0.58 0.57 0.58
prob 0.51 0.52 0.61 0.5 05 051
bin 0.62 0.69 0.73 0.61 0.61 0.63
wlog 0.83 0.84 0.88 0.78 0.81 0.90
wprob 0.81 0.81 0.82 09 09 092
wbin 093 0.92 0.92 0.88 0.89 092
iwlog 0.77 0.77 0.80 0.70 0.75 0.80
iwprob 0.60 0.63 0.75 0.81 0.82 0.85
iwbin 0.65 0.71 0.80 0.81 0.83 0.85
without any increase of computational cost during However, newer graphical libraries, such as now

classification stage, since the likelihoods can be
premultiplied by SVM coefficients in case of offline
training, and multiplications replace logarithm calculation
in case the online updates are used. To estimate the
performance and accuracy of multiclass method, we
perform the same tests as in the original Ferns article [8].
The results are shown in Figure 4. Our experiments have
shown that while our algorithm outperforms the original
on shorter Ferns and lower number of classes, benefits
decrease as the amount of classes and available Ferns
increases, indicating that for applications with larger
available resources and stricter requirements to training
times the original method could be preferable.

4. Implementing GPU-accelerated version of
the algorithm on a mobile device

Recently, GPGPU (general purpose graphics processing
unit) programming is becoming popular, since it allows
designing low-cost high-speed parallel computational
solution, by utilizing the fact that GPU are designed to
perform a large number of identical tasks fast, such as
polygon rendering. In the beginning, GPU computation
has been confined to personal computers, since GPUs of
mobile devices didn’t allow custom programming.

commonly used Open GL ES 2.0, allow the use of
programmable shaders, small programs that run in parallel
on GPU. In particular, fragment shaders that are run for
each pixel of the output image are well suited for image
processing tasks that use only local information, such as
convolution with a small kernel. This has lead to an
intensive research activity on using mobile GPU for high-
speed image and video processing. For example [4]
considered implementing SIFT algorithm on the mobile
phones with Android operating system. They conclude that
while using both CPU and GPU increases the performance
on mobile devices, mobile platform remains very
restrictive and requires a lot of effort from the programmer
but does not achieve the same performance gains as
observed for the PC. These restrictions, unfortunately,
remain for current generation of the mobile phones.
However, SIFT is not the best algorithm for parallel
processing, though it certainly benefits from it. It requires
repeated rescaling and convolving of the input image, and
therefore uses a large amount of GPU iterations, increasing
computational and memory costs. In this section, we show
how to implement the texture recognition algorithm
outlined in section 3.2, based on two-class SVM-boosted
Ferns. Its computation is performed mostly by GPU, with
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Figure 4. Results of testing multiclass approach described in section 3.5 with 50 classes. Ratio of correctly classified image patches to a total number of
patches (accuracy ratio). (a) Dependence of accuracy ratio on a bit length of each Fern (25 Ferns total). (b) Dependence of accuracy ratio on a total number
of Ferns (8 bits per Fern).

1/Oigina image pixels (RGB)

Final output

(a)
Figure 5. (a) Illustration of multilevel data aggregation. Four RGB pixels are processed by first layer, resulting in the intermediate value (purple).
The next shader in chain then processes four intermediate values, aggregating data from a total of 16 pixels, and gets the result of the second level(shown
as a white square). (b) Illustration of complete shader chain for likelihood estimation. Shader 1 calculates Ferns and looks up premultiplied binary values
in an auxiliary lookup texture. Shader 2 aggregates outputs of Shader 1 into a single likelihood.

very little CPU participation. Since it allows estimating
likelihood of a given pixel being part of texture are for
every pixel of an image, the keypoint / region of interest
detection step can be avoided.

4.1 Implementation details

At its core, the implemented algorithm is simple. Once the
offline training is done, we have a set of probability
distributions (F,, = k|C = ¢;) and corresponding weights w,,
for all Ferns, which can then be arranged into lookup

tables and saved as reference textures in the video memory.

To simplify uploading process, tables can be arranged and
saved as PNG images beforehand (examples in Figure 6),
or saved, for smaller number of Ferns, saved as text file.

Input imag 7
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7 Fepn value
= L 7
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Lookup tv re 7
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Texture used for
storlng intermediate,
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Shader 2
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Then, for classification, the fragment shader has to
perform necessary binary tests to create Ferns for each
pixel (using eq. (7)), form lookup indices and calculate the
resulting likelihoods by summing over values fetched from
lookup texture. Here, however, we run into several
limitations of the OpenGL ES shader programming.

1. Relatively slow texture lookup. Looking up texel
(texture element) values, especially when the coordinates
are calculated in the fragment shader instead of being
passed from vertex shader, is one of the most
computationally expensive operations performed by GPU.
Slow lookups limit the amount of binary tests that can be
performed while maintaining real-time processing speed. It
is therefore not possible to perform all binary feature
evaluations and corresponding lookups necessary for Fern
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Figure 6. Weights and thresholded probabilities for 16 Ferns encoded in a
PNG image ((a) for loading in mobile device. Each 16x32 rectangular
region encodes a single 9-bit Fern (512 possible values). (b) Texture used
for training (a). (¢) Sample of background used for training (a)

evaluation in the single shader. The solution to this
problem lies in separating evaluation into several stages,
accumulating feature vectors and corresponding likelihood
values over several iterations, as shown in Figure 5a. The
drawback to this technique lies in the fact that it either
introduces regularity in the feature offsets, limiting their
randomness, or limits the total number of Ferns. This leads
to additional dependence between separate Ferns, limiting
contribution of each one in exchange for decreased
computational costs. It also runs into a problem number of
output constraints, outlined below.

2. Memory constraints. The amount of available
video memory on the mobile devices is extremely limited,
especially considering large size of Fern lookup tables.
Since for the larger amount of Ferns they cannot be passed
directly into the shader, in our implementation they are
stored into an image and loaded into memory as a texture,
introducing some ambiguity into the access routines, since
transformation of the floating point coordinate values used
in a shader to the integer texel coordinate is not exact. Still,
as our experiments show below, this does not affect the
accuracy of the results. Also, to further reduce the amount
of the memory necessary, we store binary values resulting
from thresholding outlined in section 3.2 instead of actual
probabilities, which allows us to reduce storage
requirements up to 8 times. Unfortunately, several
experiments have shown that the simplest way of data
packing, i.e. storing data as individual bits in the 32-bit
texels, is not feasible due to the lack of bitwise operation
or integer texture support in OpenGL ES 2.0 specification.
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This forced us to use somewhat less efficient method of
storing individual bits premultiplied by SVM coefficients
in color channels. This allows us to store data about 4 Fern
values and corresponding coefficients in a single texture
element, reducing the amount of texture fetches necessary
and removing a multiplication operation from shader,
reducing computational load.

3. Output constraints. The outputs of each fragment
(pixel) shader in the OpenGL ES programming framework
have to fit into a single pixel of the output texture, i.e. 4
bytes of data in floating point format, which is reduced to
four 8-bit integers. Furthermore, the precision of floating
point operations and variations in the driver
implementation does not allow access to individual bits of
the output.

4.2 Resulting algorithm

Our resulting algorithm uses chain of 2 shaders to
transform original image into either likelihood estimation
of each pixel belonging to an input texture or the
thresholded value thereof. The complete chain is
illustrated in Figure 5b. The chain uses two shaders. The
first one calculates Fern values given pixel offsets used
during training, and then recovers intermediate likelihood
values from a lookup texture. In our case, each texel
contains four values in four color channels available
(RGBA), each value being either 0 (in case a Fern
indicates background with greater likelihood) or 8-bit
SVM coefficient for a corresponding Fern. The second
shader sums outputs of the first one over the second set of
predefined offsets, and outputs final likelihood of a given
pixel belonging to a texture. An additional shader is then
used to blend the likelihoods with original image for
visualization. As can be seen, all of the image processing
is completely performed on the GPU, freeing up CPU for
additional tasks, such as possible online model training.

4.3 Implementation results

Our algorithm with the above modifications was
implemented on the iPhone4S. A built-in video camera,
running at 30 fps with the resolution of 640x480, was used
as source of input images. The two sets of images shown
in Figure 2 were used separately for training and
recognition of the texture contained in each of them. The
probability data from training was encoded in a set of PNG
images each (example of an encoding image for 9-bit
Ferns is presented in Figure 6, higher Fern length being
used for improved clarity). For training, 64 9-bit ferns
were used, and the joint distributions were then
thresholded according to description in Section 3.2. Since
no ground truth values were available, the video was
evaluated visually, and the speed of the algorithm was
measured by averaging the time passing between frames.
Several screenshots captured during the operation are
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Figure 7: Screenshots of texture recognition algorithm in operation. (a) , (b) are results of using weighted Ferns trained on texture from Figure 2b, (c) uses
method trained on Figure 2e.

displayed in Figure 7. The average speed does not change
with recognized texture, remaining stable at about 0.04
seconds per frame, that is, algorithm allows us to achieve
251ps for a relatively high-resolution video. As can be seen,
our algorithm achieves high recognition accuracy for the
trained texture despite change of pose, and achieves real-
time speeds while processing all of the image pixels.

5. Conclusions and future work

We have introduced an algorithm to increase accuracy of
methods based on semi-naive Bayesian approach, with the
goal of using such methods for real-time image processing
under computational limitation of CPU, Memory and GPU
of a mobile device. Specifically, we modified Ferns
algorithm to work with the support vector machine
framework to combine estimated joint probabilities into
class likelihood. The resulting algorithm keeps the
simplicity and scalability of the Ferns algorithm and
further achieves an increase in accuracy for applications
with a lower number of features. The algorithm was also
modified to allow texture recognition. This in turn allows
us to implement proposed algorithm completely on a
mobile device GPU, achieving high speed processing of
640x480 video feed, while maintaining an acceptable
degree of accuracy.
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