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Abstract

Given the image of a real-world scene and a polygonal
3-D model of a depicted object, its apparent size, image co-
ordinates, and 3-D orientation are autonomously detected.
Based on matching silhouette outline to edges in the im-
age, an extensive search in parameter space converges to
the best-matching set of parameter values. Apparent object
size may a-priori be unknown, and no initial search param-
eter values need to be provided. Due to its high degree of
parallelism, the algorithm is well suited for implementation
on graphics hardware to achieve fast object recognition and
3-D pose estimation.

1. Introduction

The vast number of algorithms developed to extract in-
formation on the existence, position, and pose of a specific
object in an image reveals the importance of the problem,
but also the magnitude of the challenge [12, 1]. In this
work, a rather ’brute force’ object-recognition technique
is presented that yields reliable detection results while of-
fering the potential to be implemented on fast, parallel-
processing graphics hardware [8, 11, 13]. Given the 3-D
geometry of an object, the proposed recognition scheme
autonomously determines the object’s apparent size, image
coordinates, and its pose in an uncalibrated image. When
compared to previous research on geometry-based recogni-
tion [3, 10, 9, 4], the presented scheme offers the advantages
that no initial search parameter values must be provided, ap-
parent object size may a-priori be unknown, and that objects
of arbitrary shape can be detected.

In the succeeding section, the generation of multiple dif-
ferent object silhouette outlines is described. To identify ob-
ject edges in the recorded image, the Canny Edge detector
is applied [5]. The edge pixels are convolved with all stored

object outlines to find the best-matching object orientation
and position. Scaled versions of the image are compared to
determine the size of the object in the image plane. A refin-
ing search around the detected 3-D pose, size, and position
concludes the automatic object detection. Its highly parallel
nature allows implementing the presented algorithm in pro-
grammable graphics hardware, yielding a fast and robust
object recognition system.

2. Object Outline Generation

To compare the three-dimensional model of the object to
its two-dimensional projection in the image plane, a list of
object outlines is generated. Object pose is parameterized
by three angles ��������� , corresponding to rotation around
the object’s Y-axis, X-axis, and the rotation of the image
plane, respectively. To avoid degeneracies, the range of val-
ues for ���	���	� depends on the symmetry characteristics of
the object; in the most general case, 
���
������ ��� ��
���� ,

���� � � � ����� � , and 
���
�� � � ��� ��
�� � . The ob-
ject model is rendered for � pose different parameter values� � ���	�!��������" . The number of samples � pose depends on the
angular step sizes # ��� # ��� # � which are chosen such that
no silhouette point rotates by more than a preset number
of pixels per step. To render the geometry model, parallel
projection is used which is valid for small fields of view.

Since the algorithm relies on edges in the image to iden-
tify the object, only the silhouette outline of each projec-

Figure 1. The 3-D geometry model of the ob-
ject is rendered from different perspectives.
The projected silhouette outlines are stored.
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Figure 2. The image of a real-world scene (a) is processed to detect object edges (b). The edge pixels
are convolved with one silhouette outline at a time (c): the location of the strongest signal indicates
the best-matching object position in the image (d).

tion must be stored (Fig. 1). For each rendered object pose� � � �	� � �	� � " , the � sil� outlining pixel coordinates
��� ��� � ��� ��� � "

are stored in a list
� pose� � 	 � ��� � �
� ��� ��� � � ��
 � � sil���

The number of outline pixels � sil� is kept approximately

equal to a preset silhouette circumference length � sil by
scaling the rendered object projection for each set of pa-
rameter values

� � � �	� � �	� � " appropriately.

3. Object Localization and Pose Detection

To identify object edges in the image of a natural scene
(Fig.2a), the Canny Edge detector is applied [5]. The result-

ing edge image (Fig.2b) is traversed once, and all � edge

edge pixel coordinates
����� ��� � " are stored in a list of edge

pixels:

� edge � 	 ��� �
� � � � � ��� � � edge �
To find an object’s position and pose in the image, the edge
pixels are convolved with the previously generated object
outlines, Sect. 2. Using the list of edge pixel coordinates� edge in conjunction with the list of silhouette outline pixel
coordinates

� pose� , the convolution becomes

� � � � edge � � pose�
� inc

��� � ��������� ��� � ��� ��� � ��� � " " (1)
� � ��� � � edge � � ��
 � � sil� �
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Figure 3. Autonomously detected pose, size, and position of different objects in two different views
of a real-world scene.

The inc-operator increments the value of pixel
� � ��� ���!" .

Since all edge and outline pixels have equal weight, (1)
represents a binary convolution consisting only of incre-
menting memory addresses which can be implemented very
efficiently. The convolution result

� � resembles the edge
image’s generalized Hough transform [2, 7, 6] for outline� pose� (Fig.2c). To find the best-matching position for out-

line
� pose� in the image, the coordinates in the Hough trans-

form with the highest pixel value
� max� ���� ��� �� ��" are sought.

Since image edges as well as silhouette outlines are repre-
sented by one-pixel wide lines, however, rasterization alias-
ing (staircase effect, “jaggies”) may prevent correct detec-
tion. The generalized Hough transform is therefore low-
pass filtered using a small

�����
kernel before the most prob-

able object location for pose � is identified. The ratio of the
highest Hough pixel value

� max� to the number of total sil-

houette outline pixels � sil� gives a confidence measure � �
for the detected object position and pose,

� � �
� max� ���� ��� �� ��"

� sil�
� (2)

Eq.(2) is evaluated for all � pose silhouette outlines to de-
termine which outlines have a high probability to be present
in the image. This way, the best-matching object orienta-
tion parameters

� � ����� � ������" and corresponding image coor-
dinates

���� ��� �� ��" are detected.
Since the object silhouettes are scaled to assert an ap-

proximately equal number of outline pixels � sil for all
poses, different silhouettes correspond, in general, to dif-
ferent apparent object sizes in the image plane. In order
to determine the apparent size of the object in the image

plane, the image itself is also scaled to correspond to differ-
ent magnifications.

4. Object Size Determination

To find the unknown apparent size of the object in
the image plane, the above-described convolution detection
scheme is repeated using scaled versions of the image, cor-
responding to different apparent object sizes. This way, the
object silhouettes need not be re-rendered. The original im-
age is appropriately filtered and fractionally re-sampled be-
fore the Canny Edge detector is applied to the scaled image.
The best-matching object size is determined by comparing
detection probabilities � � (2) between different image sizes.
By keeping track of the scaling factors of the image and the
geometry silhouettes, the actual apparent object size is de-
termined. In the end, a short list of best-matching object
parameters (position, size, and orientation) is obtained.

5 Parameter Refinement

So far, it is implicitly assumed that object silhouette is
independent of position in the image plane. Unfortunately,
this is true only for parallel projection. To account for fi-
nite focal length, the object model is re-rendered for the few
most probable positions in the image plane. Within a small
range around the detected parameter values, the search is
refined by using smaller angular step sizes # ��� # ��� # � to
enhance parameter accuracy. By additionally varying intrin-
sic camera parameters, it is also possible to estimate, e.g.,
the camera’s focal length.



6. Results

Fig.2d depicts the autonomously detected position, size,
and pose of the pyramid shown in Fig.2a using an approxi-
mate model of the object. The camera is not calibrated, it is
only assumed that the image pixels are square in dimension
and that the field of view is small enough such that parallel
projection suffices. Fig.3a illustrates the algorithm’s capa-
bility to automatically detect different objects. All objects
have been modeled by hand using only a ruler. Note that the
cube is identified correctly, even though numerous silhou-
ette edge pixels are missing in Fig.2b, demonstrating the ro-
bustness of the detection scheme. The coarse candy bar out-
line originates from rendering the model at a smaller silhou-
ette circumference length � sil than actually present in the
image. Fig.3b shows the same scene from a different per-
spective, and again all objects are autonomously detected.
While the handle of the mug is not modeled, it does not in-
terfere with the correct identification of the mug’s modeled
cylindrical body. The coarse silhouette match of the candy
bar is again due to a too small circumference length during
silhouette outline generation.

Since the generalized Hough transform is rather insus-
ceptible to uncorrelated noise, the algorithm is found to
return robust detection results even if confronted with ex-
cessively many edge pixels. Small step sizes # ��� # ��� # �
during object outline generation (Sect. 2) prevent mis-
identifications in crowded image scenes. Detected parame-
ter accuracy depends on the number of rendered silhouette
outline pixels and can be continuously traded for computa-
tion time.

7. Conclusions

In this paper, an object recognition scheme is described
that is based on matching projected 2-D silhouette outlines
of the object’s 3-D geometry model to edge pixels in the im-
age. An extensive search is followed by a refinement step to
autonomously detect the object’s best-matching pose, size,
and position in the image. No initial search parameter val-
ues need to be provided. In its presented form, the algo-
rithm is intended to aid in extrinsic camera calibration by
automatically detecting known objects in the camera’s field
of view.

The algorithm’s high degree of parallelism lends itself
to implementation on programmable graphics hardware in
order to attain fast computational performance. With ever
increasing programming flexibility, today’s graphics boards
rapidly evolve towards general-purpose image process-
ing hardware, making available extremely high parallel-
processing power at very low cost. Many computer vision
tasks will be able to benefit from this development.
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