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7.2 Performance Evaluation

To evaluate the performance the proposed implementation has been tested using
the datasets provided by Mikolajczyk [MS05]. The datasets contain a sequence of
images taken from the same scene and the corresponding homography matrices that
map the points in the first image to every other image in the dataset which allows
to determine the correctness of the point correspondences found by an algorithm.

To evaluate the algorithm the point correspondences [P1, P2] returned by the match-
ing stage are considered where P1 is a m×3 matrix with m representing the number
of matches. Every line in P1 and P2 contains the coordinates of one interest point
in the corresponding image and the last column is 1 (x, y, z = 1). By multiplying
P1 with the transpose of the homography matrix HT we get a matrix of the same
size as P2,

P2,ref = P1 H
T =


(x1, y1, 1)
(x2, y2, 1)

...
(xm, ym, 1)

 ·HT (7.1)

that contains the coordinates of the correct correspondences for the points in P1

in the other image after normalizing the coordinates by dividing every coordinate
by the last column such that xi = (xi

zi
, yi

zi
, 1). A point in P2,ref is considered a

correspondence if the distance to the same point in the reference matrix P2,ref is
lower than 5 pixels in x- and y-direction. The underlying theory and methods are
explained in great detail in [HZ03].
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Figure 7.8: The homography transformation H maps points p1 and p2 between two
images of the same scene.

Figure 7.9 shows the five images of the "graffiti" sequence. The first image in every
sequence serves as a reference whose interest points are matched against the interest
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points of image one through five.

(a) (b) (c)

(d) (e)

Figure 7.9: The graffiti image sequence

7.2.1 Number of Interest Points

Table 7.7 lists the number of extracted interest points for the OpenCL (GPU) and
OpenSURF (CPU) implementations. The results clearly show how the precision
used to compute and store the blob responses affects the number of detected inter-
est points. The CPU implementation uses 64 bit floating point whereas the GPU
implementation uses only 8 bit per sample which results in a 8 times smaller mem-
ory footprint allowing for bigger image sizes and faster processing. This is especially
important due to the memory and bandwidth limitations on the graphics board. On
the other hand the lowered accuracy leads to reduction of the number of detected
interest points by a factor of approximately two.

sequence 1 2 3 4 5
Graffiti 1761/853 1938/ 926 1950/ 969 1987/819 1852/783
Boat 2028/1349 2015/1244 1929/1073 993/629 944/584
UBC 1200/636 1197/630 1218/624 1183/630 1227/677
Wall 1946/466 1902/462 1791/438 1872/508 1893/530
Leuven 963/395 776/312 598/254 490/199 391/160

Table 7.7: Number of interest points for the different sequences (CPU/GPU)
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Figure 7.10: Number of extracted interest points for the different implementations
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7.2.2 Interest Point Matching

The results of the matching process are given in table 7.8. The graffiti and boat
sequences are only included for the sake of completeness. Both sequences feature
large changes in rotation (as can be seen in figure 7.9) and are intended for the evalu-
ation of rotation invariant descriptors whereas both implementations compared here
run in "upright" mode i.e. it is assumed that there is less than 15 degrees of rotation.

The larger number of correspondences for the first pairs (images 1 and 2) using the
CPU implementation corresponds to the larger number of available candidates. The
number of matches converges towards the end of the sequence. This is due to the
fact that the (fewer) interest points detected by the GPU implementation tend to
be stronger and thus can be matched more reliably.
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Figure 7.11: Number of correspondences for the different implementations
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sequence 2 3 4 5
Graffiti 13/91 15/51 1/0 2/2
Boat 151/171 0/0 0/0 103/9
UBC 1011/560 935/532 793/482 555/444
Wall 628/200 384/156 147/85 24/21
Leuven 419/176 280/136 215/87 148/62

Table 7.8: Number of correspondences for the different sequences (CPU/GPU)
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Conclusion

An implementation of the SURF algorithm has been proposed that runs entirely
on the GPU. This implementation is accompanied by a framework that facilitates
the development and testing of the kernel code. All components are independent of
any platform specific libraries or APIs and all used libraries are multi-platform and
free for non-commercial use. This makes all components usable in future projects
without restrictions.

When writing OpenCL programs the challenge starts with the compilation of the
kernel code. Since the kernel program containing all kernel and auxiliary functions
is presented to the OpenCL compiler as a string during runtime it is not possible
to compile the kernel code beforehand. The current version of the compiler does
not provide helpful information when it fails to translate the source code into ma-
chine instructions which makes it harder to build bigger blocks of code or make big
changes to the code at a time without compiling it in between.

Another big issue is the debugging of the kernel code that has taken up a lot of
time during the development. As the memory used during the computations re-
sides completely on the graphics board there are no means to use breakpoints and
directly view the data during runtime. Further there is no means of generating
and displaying messages from within the kernels. The printf() function can only
be used when running the kernels on the CPU which does not support the use of
shared memory and thus renders it useless for debugging of all kernels that rely on
shared memory. The only way to get information about the data used during run-
time is to use the output over which the kernels are executed to retrieve information.

As there are only very few metrics that help designing efficient kernel code it in-
volves a lot of trial-and-error to find the best possible solution. There are a lot of
parameters such as the number of used registers, the amount of shared memory per
work-group and last but not least the size of the work-groups that can be adjusted.
Sometimes small changes to the code or execution sizes can increase or decrease
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the runtime of a kernel by up to an order of magnitude. Moreover changes to the
memory layout in favor of reduced runtime can make it necessary to rewrite entire
sections of both host and GPU code.

The results in Chapter 7 clearly show that a significant increase in speed of about
one order of magnitude can be achieved when running the interest point detection
and matching on the GPU compared to the reference implementation running on
the CPU. Sacrificing the high accuracy for the determinant of the Hessians leads to
a reduction in detected interest points of up to 50 percent. However since this affects
mostly the weak interest points in the image and thus makes the matching more
reliable for sequences that feature bigger changes in viewpoint or lighting conditions
since the stronger interest points are generally easier to find in the corresponding
images.

A future version running on GPUs that can process double precision floating point
values and provide higher memory bandwidth could exploit the improved architec-
ture to increase accuracy and match or even outperform the reference implementa-
tion. Using double precision when calculating, storing and comparing the descrip-
tors should also slightly improve the matching performance. Another point that is
promising a speed-up for the non-maximum suppression is the use of mip-maps to
store the image pyramids through the OpenGL language bindings provided by the
OpenCL language that allow for efficient sharing of image buffers on the graphics
card. Another useful extension would be the orientation assignment as proposed by
the SURF paper to make the description and matching process invariant rotation
larger than ±15 degrees.
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