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Abstract

Matching feature points between images is a key
point in many Computer Vision tasks. As the num-
ber of images increases, this rapidly becomes a bot-
tleneck. We here present how to use the power of
GPUs to obtain image matching in typically 20 ms
for one thousand points. This speedup makes ap-
plications like interactive image matching possible.
Such a portable system, dedicated to 8D large scale
reconstruction, is reported.

1. Motivation

Matching a given image with many other ones,
i.e. the process of detecting common points be-
tween an incoming image and a set of images, is a
key task in many Computer Vision problems like
Structure From Motion[5] or Object Recognition.
This is usually done by detecting interest points
(features) and matching them amongst images. A
widespread tool for feature detection and charac-
terization is the Scale Invariant Feature Transform
(SIFT), proposed by David Lowe[7]. After an in-
variant Difference of Gaussian based detection of
point plus scale pairs, features are described by a
high dimension vector, in R'?®. In most cases, an
initial step is to find the k-nearest neighbors of a
given descriptor in R'?® (usually, ¥ = 2). With
hundreds of images, each one of them containing
thousands of features, matching descriptors rapidly
becomes an under-estimated but crucial step with
respect to computing time, even with recent CPUs.
This clearly is a main bottleneck. The increasing
programming flexibility and computational power
offered by Graphics Processing Units (GPUs), as
well as their low cost, provide a now standard way
of getting large speed-ups for many algorithms.
Point matching is a good candidate for such an
implementation. We have developed a GPU-based
image matching method that processes a large set
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of images in a very reasonable time, typically 20ms
per image pair for one thousand features. Such a
running time allows interactive online applications,
such as matching every new image with previous
ones during an acquisition process. Our implemen-
tation uses the OpenGL library and the Cg shad-
ing language but is not restricted to this particular
choice (other usual choices are GLSL or Cuda).

2. Previous work
2.1 Feature point based matching

SIFT SIFT[8] provides a local feature detector
and descriptor, robust to translation, rotation, scal-
ing and illumination changes. The method is com-
posed of the two following steps:

(i) Feature detection: A Gaussian scale space pyra-
mid is built from the input image, yielding the con-
struction of Differences of Gaussian (DoG) images.
Candidate features are localized in this DoG scale
space as local extrema. They are then refined and
are assigned an orientation which is the highest
peak in the histogram of local gradients orienta-
tions.

(ii) Feature description: Features are afterward de-
scribed by a vector in RP, with D = 128, repre-
senting gradient orientation histograms on 4 x 4
neighborhoods in the closest image in scale.

Some work have been proposed to improve
SIFT running time: a GPU-based SIFT
implementation[12] and Speeded Up Robust
Features (SURF)[3].

SIFT on GPU This work by S.N.Sinha et al.[12]
accelerates some parts of the SIFT algorithm using
the hardware capacities of GPUs. Almost the whole
feature detection process is deported on GPU. Gra-
dient histograms and descriptor construction are
computed on CPU. For technical reasons, this part
would not be efficient on GPU. A 10x speedup is
obtained, allowing applications on video-sized im-
ages.









m 512 | 1024 | 2048 | 4096

CPU 160 | 660 | 4230 | 24220
ANN 73 290 | 1200 | 7990
GPU 6.8 19 71 270

CPU/ANN | 2.2 2.3 3.5 3.0
CPU/GPU | 235 | 34.6 | 59.6 | 89.7
ANN/GPU | 10.7 | 15.3 | 16.9 | 29.6

Table 1. Times in ms per image pair
and Speedup, w.rt the number m
of features.  CPU=naive O(m?) algo-
rithm, ANN=Approx. Nearest Neighbors,
GPU=our method
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Figure 3. Our portable setup for interac-
tive image acquisition (see text)

ically with m. Yet cache effects, fast GPU mem-
ory and CPU/GPU memory transfers make the
times for the CPU method to grow faster than ex-
pected while they grow slower than expected for our
method. This explains the speedup going from 23
to 90. Our ANN implementation uses the ANNLib
open library[9]. Although more efficient than the
naive CPU approach, this yield running times that
do not follow the predicted asymptotic complex-
ity. This might easily be explained by the small
number of points w.r.t. the high space dimension
(d = 64). As aresult, we observe a 11 to 30 speedup
between our method and ANNs. Boosted by these
new possibilities, we developed a first application
dedicated to help users to take photos of a large
scale scenes for 3D reconstruction purposes[6]. In
our portable setup (figure 3), several digital reflex
cameras communicate via WiFi connections with

a laptop equipped with an nVidia GeForce 8800M
GPU. By incrementally matching images and dis-
playing matched regions, the system guides users to
places that have not yet been taken enough. Image
pair matching runs in typically 25 ms, providing
acceptable waiting delays between shots.

Conclusion This paper has presented a GPU-
boosted system that makes possible online image
matching applications, even in portable setups. We
plan to make our matching application available on
the WEB. This will be the first step of a large scale
interactive 3D reconstruction system.
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