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Abstract

The generalized Hough transform constitutes a well-
known approach to object recognition and pose detection.
To attain reliable detection results, however, a very large
number of candidate object poses and scale factors need
to be considered. In this paper we employ an inexpensive,
consumer-market graphics card as the “poor man’s” paral-
lel processing system. We describe the implementation of a
fast and enhanced version of the generalized Hough trans-
form on graphics hardware. Thanks to the high bandwidth
of on-board texture memory, a single pose can be evaluated
in less than 3 ms, independent of the number of edge pixels
in the image. From known object geometry, our hardware-
accelerated generalized Hough transform algorithm is ca-
pable of detecting an object’s 3D pose, scale, and position
in the image within less than one minute. A good pose esti-
mation is delivered in even less than 10 seconds.

1. Introduction

Given the geometry of an object and an image containing
this object, we want to identify its pose, scale and position
in the image. The human visual system constantly performs
this task with little effort, but it has proven very difficult
for computers to perform equally well automatically. In the
abscence of a-priori knowledge about the world, usually an
exhaustive search of the image must be performed to iden-
tify the object.

The generalized Hough transform (GHT) is a technique
to perform this search by discretizing all possible transfor-
mations between object and image space and testing them
individually [2, 28]. The percentage of resulting matches
between object and image features are interpreted as the
likelihood for a respective transformation to be correct.
However, to attain reliable GHT detection results, a large
number of object features and a high-resolution Hough ta-

ble is required [8], resulting in a huge number of candidate
transforms that must be evaluated. Therefore, this exhaus-
tive search over all possible object positions in the image,
its different poses and (within a preset range) varying size
is very time- and memory-consuming. An implementation
on a modern PC takes on the order of half an hour to re-
liably detect an object in a image taken from a completely
unknown perspective [18].

Since the Hough Transform involves many similar op-
erations, parallel implementations have been often used to
improve its performance. In particular, distributed memory
machines [19, 9], pyramid multiprocessors [26, 1], recon-
figurable architectures [21, 20] and special purpose hard-
ware [5] have been applied to reduce computation time.
Most hardware implementations focus on the Hough trans-
form itself, but many aspects of parallelization can also be
applied to the generalized Hough transform [17, 3].

While many parallel architectures have already been
used for implementing the GHT, we have adapted it to
graphics hardware, because graphics hardware has the great
advantage that its parallel processing capabilities come for
free. The graphics cards shipped with modern PCs are al-
ready powerful enough to be used for parallel computing,
but even if one opts for high-end cards to maximize per-
formance, the cost of purchase and operating this kind of
parallel co-processor is very little in comparison to the ded-
icated hardware architectures listed above. Therefore, the
use of graphics hardware for computations more complex
than advanced procedural texturing and shading [22, 23] is
steadily gaining popularity: Wavelet transforms [14], mor-
phological operations [13], computation of Voronoi dia-
grams [12], volume rendering [6], ray tracing [24], flow vi-
sualization [11, 15, 30], segmentation [25], robot motion
planning [16], and artificial neural networks [4] have al-
ready been implemented in graphics hardware. Even dis-
crete solvers for partial differential equations in graphics
hardware have been described [10] and also successfully
applied to various problems. In all these applications the
restricted precision of the number formats in graphics hard-



Figure 1. Object recognition using the gener-
alized Hough transform: First edge pixels are
detected in the real-world image. Then the
edge image is convolved with pre-computed
object outlines. The object location with the
strongest signal indicates the best-matching
object position in the image. By comparing
the signal peaks from all object outlines, a
ranking of the most probable object poses,
sizes and image positions is established.

ware is seen as a major problem. We cope with this problem
by applying a simulated extended precision format (Sec-
tion 3).

The rest of the paper has the following structure. In the
next section, the GHT variant used here is outlined. Sec-
tion 3 describes the graphics hardware implementation de-
tails of the presented system. Performance is evaluated and
detection results are presented in Section 4. Prospective ap-
plications of the system and further improvements are ad-
dressed in the final Section 5.

2. Object Localization and Pose Detection

In this section, we re-phrase the GHT in a form most
suitable for the implementation in graphics hardware.

For known 3D object geometry, we pre-compute numer-
ous poses by rendering the object from various camera po-
sitions. During this process, we take into account object
symmetry to obtain an even discretization of the parameter
space without unnecessary repetitions, which minimizes the
number of poses.

After rendering, each pose � is transformed into a list���
of 2D vectors of edge pixel positions. Each vector

����� 	
in this list represents the offset from an edge pixel to the
center of the rendered object pose. The length 
 ��� 
 of the
list corresponds to the number of edge pixels in the pose � .

To identify object edges in the image of a natural scene
(Fig. 1 upper left), the Canny Edge detector is applied [7].
The resulting edge image � edge is traversed, and edge pix-
els are assigned a certain value ��
���� . Other pixels are as-
signed values ��
������������ depending on their distance � to
an edge (Fig. 1 upper right), where � is a monotoneously de-
creasing function. Although this dilation of edges slightly
reduces the accuracy of object location, it greatly reduces
the number of necessary poses for finding appropriate pose
candidates. Moreover, using graphics hardware the edge
dilation does not increase the execution time for the com-
putationally intensive convolution described below.

To find an object’s position and pose in the image, the
edge image is convolved with the previously generated off-
set list

���
of the objects’ outlines:
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where 5<
�=��?>��@"%$A=!BC> simply normalizes the result against
the length of the current object outline since 
 �D� 
 is the num-
ber of edge pixels in the pose � . Note that 5 could easily
incorporate a non-linear weighting function of the votes, as
might be motivated by the human visual system.

�� � 
/�8� �!�
is the sum of the votes at position 
���� �!� for pose � , and� � 
/�8� �!� is the normalized vote used for the identification
of maxima.

Given the normalized votes for each pose � , we can com-
pute the most probable pose E pose 
/�8� �!� with the highest
vote E conv 
/�8� �!� at position 
/�8� �!� :
E conv 
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At the cost of higher computational complexity one could
also compute a list of the ] most probable values at each
position. But as long as the same object does not appear
multiple times centered around the same image position,
it completely suffices to determine only the most probable
pose at each pixel position.

From E we obtain the most probable positions of the
object under consideration by extracting the ^ largest val-
ues E conv 
/�Z_�� �:_S�9�SOL`baN`c^ and the corresponding most
probable poses E pose 
/�!_d� �:_����MOe`fag`h^ , where ^ can
be a very large number, since we have a candidate for each
position in the image. The first ^ maxima can then be used
to initialize a decision process between the corresponding
transformations. A simple approach would be to further
discretize the orientation, scale, and position of the poses
around the detected parameters and then restart the convo-
lution with new offset lists

�D�
. One could even restrict the



convolution to bounding boxes, depending on the detected
scale and image positions of the ^ best poses. But once the
huge parameter space is reduced to few candidates, more
sophisticated approaches exist to decide between these can-
didates [29]. Such algorithms, however, include many con-
ditional statements and an irregular memory access pattern
which render them far less suitable for massive paralleliza-
tion. Therefore, we have restricted our graphics hardware
implementation to the first computationally most demand-
ing part of estimating the ^ most probable poses among tens
of thousands. In fact, it is a very different problem estimat-
ing the parameters of the most probable poses among many
than to select the most appropriate pose among a few. In the
latter case much more computation time can be alloted to
each transformation candidate to evaluate its correctness.

3. Graphics Hardware Implementation

The huge advantage of graphics hardware is its massive
parallel computing power in comparison to its low price. To
exploit the full potential of graphics hardware, however, it
is crucial to avoid frequent changes in the graphics pipeline
as well as to minimize data transfer between the graphics
card and main memory. Especially the outstanding texture
fill rate offers great potential for hardware acceleration if
texture operations can be suitably utilized. Our implemen-
tation focuses on exploiting this potential for the most de-
manding part of the GHT, namely, the convolution between
image edges and object outlines.

The algorithm starts with the initialization which gener-
ates the lists of offset vectors

�i�
for each pose � by rendering

the 3D geometry of the object with the associated Eulerian
angles, object rotation and scale, and extracting the offset
vectors

�i��� 	
from the read-back image. The software gen-

erated, enhanced edge image � edge is stored in a 2D tex-
ture. After initialization, all computations take place on the
graphics hardware without data transfer to or from the main
memory.

The convolution with pose � (Eq. 1) is performed by re-
peatedly drawing

�D��� 	
translated versions of � edge into the

framebuffer while adding the rendered images with an addi-
tive blending mode. Using the graphics hardware’s blend-
ing feature has the advantage that we do not need to explic-
itly access the intermediate sum in the framebuffer to per-
form the summation. But since the texture fill rate is usu-
ally much higher than the pixel fill rate, further acceleration
can be achieved by multi-texturing each pixel with differ-
ent translations of � edge, whereby the texture coordinates
account for the relative translation of one to another, and
the texture environments perform the addition to a single
color before the blending occurs. We perform a composite
translation both in the framebuffer and the texture coordi-
nates, because translations in the framebuffer coordinates

often save bandwidth when clipping the translated source
to the original image size and position. This is legitimate
since we are not interested in objects whose centers lie out-
side of the original camera image. After all offsets from

�D�
have been considered, the result is stored in the texture

��L�
.

In the previous section, we explained that edges in � edge

are assigned a certain value ��
���� , and neighboring pixel val-
ues depend on their distance to an edge. A large value ��
��d�
has the advantage that many gradations can be encoded.
However, the addition of many high values during the con-
volution can lead to an undesired overflow or, in the case of
graphics hardware, rather to saturation. If we assume a res-
olution of 8 bits per color channel, then ��
����X$jO allows forkCldl

offsets to be savely added, yet without weight grada-
tion. Assuming ��
��d�m$ k

, O kdn offsets can be savely added,
while edge neighbors can be assigned the value ��
oO:�p$qO .
On future graphics hardware with 16-bit and 32-bit number
formats, this limitation will become obsolete. Currently, in
order to be able to use large outlines and fine weight gra-
dation, we have implemented an unsigned version of the
virtual 16-bit fixed-point format for RGBA8 textures [27],
which emulates 16-bit precise operations on DX8 graph-
ics hardware. This costs a factor of about two due to the
doubled amount of data to be transfered, and an additional
factor of two due to the need of re-transferring each inter-
mediate sum to texture memory, since the 16-bit emulation
cannot be achieved by blending alone.

The normalization of the transform result (Eq. 2) takes
place as a 2-dimensional dependent texture access into a
sufficiently large pre-computed look-up texture 5 , which
represents a discrete 2-dimensional function and delivers an
encoded 16-bit fixed-point result. As even the large mem-
ory of current graphics cards cannot hold all the textures� � �r��$qOC�MQSQMQ��\T pose, the computation of the maxima is
performed regularly as soon as a certain number of poses
has been obtained. By clustering results in a framebuffer
of maximal size we may compute convolutions with more
than 100 poses before switching to the maximum compu-
tation, thus reducing changes in the graphics pipeline to a
minimum. During the pixelwise maximum evaluation, the
texture E holds the current maximum and the index of the
corresponding pose at each image position 
������Z� . For each
� , the texture E is updated through

EY
/�����!�s$ 
�E conv 
/�8� �!�m� � � 
/�8� �!� ��t (3)

EY
/�8� �!�m" 6 � � 
���� �!���\� ;
at each position 
/�8� �!� . Both the normalization of

�� �
to

� �
(Eq. 2) and the maximum computation (Eq. 3) make use
of the virtual 16-bit format, even when the convolution uses
only 8 bits, as only the additional precision ensures accurate
comparisons of the normalized convolution results. In con-
trast to the 16-bit usage in the convolution, the 16-bit pre-
cise normalization and maximum evaluation does not sig-



Figure 2. The 1st and 6th most probable cube
poses in this table scene.

nificantly decrease performance, since these steps together
consume less than 5% of the overall time.

E is a RGBA8 texture where the convolution result
E conv and the pose index E pose are stored as 16-bit fixed-
point numbers represented by two 8-bit color channels each.
In this way we may index up to

k - u $wv lClJx v different
poses. The update of the texture E (Eq. 3) uses a subtrac-
tion in the virtual 16-bit format [27] to determine the larger
convolution result.

After all poses
�i�

have been processed, the texture E
contains at each position 
������Z� the index of the most prob-
able pose for this location. This final result is transferred to
main memory, where the ^ largest values and pose indices
are extracted from E . Here we see the great advantage
in the use of the virtual 16-bit format. It allows us to per-
form the entire process in graphics hardware, and we need
to transfer only a single condensed image result back to the
main memory.

4. Results

We have tested our algorithm with simple objects which
we modeled by hand. These models are used to recognize
the objects in different scenes (Figs. 2 to 4). In all ex-
amples, perspective distortion is assumed to be negligible,
i.e. a camera with long focal length is used. Symmetries
of the objects are exploited to reduce the number of gen-
erated poses. We tested two versions of the algorithm (see
Section 3), one with 8-bit and the other with 16-bit precise
convolution (Eq. 1). They differ in their ability to handle
weight gradation about the edges. While the 8-bit version
can handle at most two levels, the additional 8 bits of the
16-bit version can be used to encode up to 256 different
values in the edge image. Fig. 3 depicts the differences be-
tween the enhanced edge images used for the 8-bit (upper
row) and 16-bit (lower row) version of the algorithm. The
disadvantage of the stronger dilation of edges is a degraded
accuracy in the localization of poses, as can be seen in the
the detection of “toblerone” in Fig. 4, right. The results im-
prove as soon as a finer discretization of poses is used. The
result in “toblerone” (center) uses the same parameters as

Figure 3. Upper image: edge image with one
pixel dilation as used for the 8-bit version
of the algorithm; lower image: edge image
with a 5 pixel dilation as used by the 16-bit
version. The weights decrease linearly away
from edges.

the other 16-bit tests, except for a finer pose discretization.
The huge advantage of the 16-bit version is its perfor-

mance, since the dilated edges allow for a far coarser dis-
cretization of the poses and their sizes. Moreover, we are
not primarily interested in an optimal fitting of the pose to
the objects edges at this stage, as this can be achieved much
better in a refinement step. Instead we gain a lot by a fast
reduction of the parameter space from thousands of poses
to a few good candidates which are very well suited for pin-
pointing the exact solution.

Table 1 shows the run-time data for the test cases de-
picted in Fig. 4 for both versions of the algorithm. The
images of Fig. 4 are produced using the 16-bit version of
the algorithm and the same parameter set on both images.
From the table we see, that in each case less than 10 sec are
needed to generate a reasonable candidate for the object.
Even if we add the initalization time for each image we still
need just 20 sec to complete the task.
The 8-bit version delivers very similar results to those in
Fig. 4, but it is much slower, because a finer discretization
and a larger number of scales has to compensate for the lack
of dilated edges. For this reason, the 8-bit version takes ap-
prox. 5 times longer for the convolution, although the con-
volution itself is performed 4 times faster than for the 16-bit
version (cf. Section 3). Similarily, the initialization times
are much higher for the 8-bit version. This is due to un-
optimized rendering of the object silhouettes which causes
a quadratic increase of initialization time with increasing
object size. We rather concentrate on the optimization of
the 16-bit convolution. Compared to the original software



Table 1. Run-time data for the examples depicted in Fig. 4.

Object Number
of poses

Number
of scales

Number of offsets Initialization
time (sec)

Convolution
time (sec)

Operations
( y9zS{ /sec)

8-bit 16-bit 8-bit 16-bit 8-bit 16-bit 8-bit 16-bit 8-bit 16-bit 8-bit 16-bit

cube (left) 725 180 20 5 1409622 86711 14.27 1.31 26.20 5.17 1.61 0.50
cube (right) 725 180 20 5 1409622 86711 14.16 1.27 25.64 5.16 1.65 0.51
cup (left) 713 171 30 7 3192192 173869 71.53 3.86 49.20 9.38 1.95 0.56
cup (right) 713 171 30 7 3192192 173869 65.53 3.83 47.92 9.34 2.00 0.56
toblerone (left) 504 124 35 8 3370871 187736 191.75 11.27 46.94 9.39 2.00 0.60
toblerone (right) 504 124 35 8 3370871 187736 196.16 11.22 45.16 9.38 2.22 0.60

toblerone (center) 551 8 830568 48.27 41.47 0.60

Figure 4. Detection of different objects in two
views of the same scene using the 16-bit ver-
sion of the algorithm, the 8-bit version deliv-
ers similar visual results. Table 1 contains the
corresponding run-time data. The centered
image at the bottom shows a more accurate
detection of “toblerone” from the lower right
image, using a finer pose discretization.

implementation of the described GHT-based object recog-
nition scheme [18], graphics hardware accelerates the algo-
rithm’s performance by a factor of about 10.

It should be noted that the run-time depends nearly lin-
early on the overall number of offsets. The deviation from a
linear increase is due to a per-pose setup step, which in-
cludes the change of the texture environment. Thus, for
poses with a large number of offsets, run-time scales al-
most linearly. Finally, Fig. 2 illustrates the ability of the
algorithm to deal with the same object appearing more than
once in the image, because each position in the image has
its own most probable candidate.

All measurements are performed on a nVidia GeForce 4
graphics card. For optimal performance of the algorithm,
pose discretization is chosen such that poses differ by less
than the amount of dilation applied to the edge image. Oth-
erwise, objects could be missed. Also a conservative up-
per and lower bound for the apparent size of the object is
set. The upper and lower bounds for our performance tests
are chosen in such a way that objects in both images are
covered by the search range. Thus, no changes in run-time
parameters, with the exception of “toblerone (center)”, are
made during tests of the same object. The difference in the
number of scales between the algorithms is explained by a
different step-size used to cover the same search range. The
16-bit version of the algorithm is more robust in this respect.

5. Conclusions

A graphics hardware-accelerated implementation of an
efficient generalized Hough transform variant has been pre-
sented. It is able to perform an exhaustive search among
many thousands of object poses and different object sizes in
less than one minute, while for a fast generation of a rea-
sonable pose estimation usually 10 seconds suffice. The
described approach’s main advantage is its capability to
quickly and autonomously return high-probability object-
to-image transformations with only a conservative guess of
object size range as the initial search parameters. A short



list of most-probable object positions, 3D poses, and sizes
is extracted that can be used in a refinement step to pin-
point the correct object parameters. Moreover, since the
algorithm always obtains the most probable pose for each
image position, the parameter space is drastically reduced
and more elaborate techniques could be used to extract the
correct pose in cases when the highest convolution results
do not match the object. Therefore, in its presented form,
the algorithm is intended to provide a fast parameter space
reduction which either directly estimates the poses or ini-
tializes a refined search with other methods.
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