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Abstract. In the last decade, consumer graphics cards have increased
their power because of the computer games industry. These cards are
now programmable and capable of processing huge amounts of data in a
SIMD fashion. In this work, we propose an alternative implementation of
a very intuitive and well known 2D template matching, where the most
computationally expensive task is accomplished by the graphics hard-
ware processor. This computation approach is not new, but in this work
we resume the method step-by-step to better understand the underly-
ing complexity. Experimental results show an extraordinary performance
trade-off, even working with obsolete hardware.

1 Introduction

Object recognition problems are described as a labeling problem based on models
of known objects [1]. Template matching is a very well known feature detection
technique used in low level Image Processing and Computer Vision tasks, such
as object recognition and tracking. As an image matching technique it compares
portions of images against one another [2]. Many kind of implementations have
been proposed, although the most basic one is related to the cross-correlation
computation in order to compare the image and a pattern using a distance
measure.

The template matching calculation involves a pixel by pixel analysis of the
template into an image portion, evaluating every location of the target image. In
a generalized approach template matching should be invariant under scale and
rotation transformations. As a consequence, this technique is computationally
very expensive.

Computer graphics have been very popular during the last two decades for
the rapid expansion of computer generated special effects in films, multimedia
and computer games. This fact has allowed the evolution of graphics hardware
to unprecedent limits. Commodity graphics hardware has evolved since the mid
90’s giving a considerable amount of programming power to developers in order
to customize their rendering effects in real time. Apart from that, a consumer
graphics processing unit (GPU) has become inexpensive and can be considered
a kind of programmable stream processor. Their programmable capabilities has
helped the development of applications far beyond rendering purposes. Many
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authors have demonstrated that these consumer GPUs have a great raw perfor-
mance, some times even superior to the most common and powerful CPUs [3–6].
They have been used as a co-processor for the central processing unit (CPU)
remaining the idea that they can be encountered in most off-the-shelf desktop
computers. Examples of it can be found in applications that exploits the power
of the GPU for linear algebra calculations [9–12], physically-based simulations
[6], image and volume processing [4, 13–15], neural network implementations
[16, 17] or even acceleration of database operations [18] among others [19].

In this work we demonstrate that an efficient template matching based on
cross-correlation calculation can be achieved using a commodity graphics card.
It has been implemented exploiting the intrinsic parallelism of the graphics hard-
ware. Additionally, we have proposed three kinds of models to increase the effi-
ciency of the process step by step, showing details of their implementation and
encountered difficulties. Apart from that, we propose a not-new but recent frame-
work for image processing development that can give ideas to other researchers
for customizing their implementations.

2 Graphics Hardware

Commodity graphics hardware has evolved drastically since the mid 90’s. With
the aid of the rapid expansion of computer games and multimedia technolo-
gies these consumer graphics processing units (GPUs) have also become very
powerful and inexpensive hardware.

Traditionally, these 3D graphics cards implemented a fixed pipeline for the
processing of primitive descriptions tuned as a state machine from an API such as
OpenGL. But their previously fixed graphics pipeline stages were replaced with
programmable components, the transform and lighting (T&L) and the multi-
texturing one, providing great versatility and power to the developer [7].

The hardware accelerated programmability of GPUs has been exposed to
programmers for the development of programs called shaders. These shaders are
loaded into the graphics card for replacing the fixed functionality. There are two
kinds of shaders, respectively called vertex and fragment shaders. They consti-
tute the executable code of the corresponding programmable components of the
graphics pipeline. These shaders are primarily used for rendering complex spe-
cial effects and realistic images in real-time. The basic CPU/GPU architecture
model is outlined in Figure 1.

The programmability of the GPU is very well suited for stream computations,
in which a simple kernel operation is executed over a large number of elements
in a single-instruction multiple-data (SIMD) fashion [8, 9].

Textures and the multi-texturing capability provides some ways of efficient
SIMD computation. In this context, a texture is an image that can be mapped
to a polygonal structure to provide realism to the model. Basically, as an image,
it can represent four values (R, G, B, A) as color and transparency components
in every accesible location, called fragments or texels. The programmer is re-
sponsible for organizing its data in a grid way to convert them into a texture, so
creating textures in which texels keep numerical values of interest. As it will be
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Fig. 1. Basic CPU/GPU programming model. When enabled, programmable vertex
and fragment execution paths replace their corresponding stages of the fixed graph-
ics pipeline (represented in dot-lines). Also note the possibility of direct rendering to
framebuffer or rendering to another texture (pbuffer), that can be used again as input
data in the multipass approach.

shown in Section 3 and 4, it is desirable to fill the whole capacity of the textures.
This is because, in the fragment program, the processing cost of a single channel
in comparison to the processing cost of the entire quadruple (RGBA) is similar.

In order to operate on the texels, the texture is fixed to a well determined
grid. Then, a custom fragment shader is enabled and the operation kernel is
executed over every fragment by simply rendering. A schematic visualization of
a number of textures applied as input for a fragment program can be seen in
Figure 2.

The output result can be redirected to the input (by means of a pbuffer) in
a multi-pass approach for continuing the processing task (see Figure 1). At this
point, it is important to remark that the readback process from video memory
to host memory after the rendering step is a computation bottleneck.

In this model, a shader is a program executed by the GPU. Originally they
had to be coded in assembly, but as the graphics hardware increased in func-
tionality and programmability, these shaders were more difficult to implement.
Even more, the rapid evolution of GPUs forced to rewrite previous shaders to get
maximum performance when a new family of graphics hardware were released.
The solution came with the apparition of comercial high level shading languages
and their compilers, which helped in portability and legibility, so improving effi-
ciency in the development process. Nvidia’s Cg, Microsoft’s HLSL and recently
OpenGL Shading Language have been the first commercially available languages
for commodity graphics hardware with major acceptance. A brief classification,
chronology and explanation of these languages can be found in [20].

3 Application to Pattern Recognition: Template Matching

We have developed three models of a basic template matching for being processed
on the GPU. Each one of the models increase its complexity but also its efficiency.
For demonstration purposes they do not consider rotations and scales.
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Fig. 2. Simple fragment program computation. A common fragment program will be
executed over every position of the input textures (Tex0-TexN), for example returning
a value at (s,t) in the output texture for values at (s,t) in the input textures.

The first model does not exploit the SIMD capability of the graphics pipeline.
It only computes the cross-correlation between the template and each location
inside the image in a GPU architecture approach.

The second model uses the four channels (RGBA) of the template and target
textures to compute the cross-correlation in four different positions at a time
(at each rendering pass). This model is preferable in respect to the previous one
although it is not as efficient as it could be.

The third model uses the same philosophy as the second one but computes
much more positions. It exploits not only the RGBA data allocation fashion but
also the repetition of the template in a texture of equal size than the target
image texture.

For every model we consider three stages of processing: initialization, distance
measurement calculation for a single position and new position estimation or
updating. In the initialization stage we can preprocess the input images. In
this application, if input images were in color format, an RGB to gray scale
conversion is executed as a preliminar rendering with the appropriate fragment
program enabled. Another kind of preprocessing could be done in this stage,
such as a gaussian filtering to reduce noise artifacts.

An intrinsic limitation of the GPU architecture is the lack of global registers
in the programmable rendering pipeline. For the template matching, a subwin-
dow is computing a distance function among pixels and, after that, a sum for
all distance values is computed in order to get the cross-correlation result. This
sum has to be kept for every position to compare the evaluations. As there is
no accumulative register, this sum of distance values must be computed in an
alternative fashion. A typical way to proceed is by asking for a reduced level
of detail (mipmap) of the output texture. That level will offer average values
of the corresponding neighborhood of the texture at each fragment. With that
average it is easy to obtain the corresponding summation multiplying by the
ratio between the number of fragments of the original texture and the number
of fragments of the resulted mipmap. This process can be done for power-of-two
textures and in cases where precision of one byte is enough for the result. In
other cases, a “ping-pong” strategy with two pbuffers is needed.
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Fig. 3. a) Model 1 only takes advantage of the R channel and Tex1 have to be updated
at each evaluation to complete the matching. b) Model 2 takes advantage of the RGBA
channels. Four subwindows are loaded into an RGBA texture (Tex1). Also, the gray
scale template is repeated in each channel of Tex0. Thus, four positions are evaluated
in each pass.

3.1 Model 1: Red Channel Exploitation

This is the most limited model but it is easy to understand. It does not exploit
the entire quadruple of an RGBA texture, but it can open the mind for next
approaches.

First, we load the template and an equal size portion of the target image into
two textures (Tex0 and Tex1). The RGBA textures have the gray value of each
fragment in its RGB channels. It is easy to calculate the difference between the
R channels of both textures fragment-by-fragment. By the explained limitation
of the GPU, the global value of the matching fitness is done reducing the output
texture to one pixel, thus returning in the pixel the average of the whole output
texture. This average value is a proportional measure of the summation, and can
be kept in system memory to be compared to other results. Figure 3.a outlines
the procedure. The performance of this model is very limited because of in each
pass we just evaluate one position. Once we have evaluated the matching of the
template in that position, we have to “move” the texture coordinates of the
target image to load another subwindow and repeat the entire process. Then,
the number of rendering passes is proportional to the number of pixels of the
target image.

3.2 Model 2: RGBA Channel Exploitation

This model exploits the RGBA texture channels. Now, the programmer is re-
sponsible for organizing its data to produce the textures. The key point is the
decomposition of four portions of the target image into the RGBA channels of
Tex1 as shown in Figure 3.b. Also, it is important to note that the template is
repeated in each channel of Tex0 to make the fragment program work in RGBA.

Again, after each rendering pass the texture that contains the subwindows
have to be updated (Tex1), allocating portions of the original image in the
texture. This process can be computationally expensive, even a main bottleneck
depending on the performance of the results readback.
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Fig. 4. In Model 3 the target image (Lenna) is loaded into the RGBA channels of Tex1,
the arrows represent different offsets. The template image is loaded and repeated along
the Tex0. In each rendering pass this model evaluates many positions in parallel.

3.3 Model 3: Vectorization and Repetition

This model is much more efficient than the previous ones. An outline of this
model can be seen in Figure 4. The target image (NxN pixels) is loaded into
the RGBA channels of a texture (Tex1). However, there is an offset of 1 pixel
in the horizontal direction in each channel except the first one. On the other
hand the template (nxn pixels) is loaded into the RGBA channels of Tex0,
repeated until having a size equal to the target texture (Tex1). In this way,
every texels will have correspondence one each other in the fragment program.
The offset of the GBA channels of Tex1 provides a way to evaluate 3 more
different positions at the same time, so for each RGBA template subwindow
of Tex0, 4 positions are evaluated. As the template is repeated N

n xN
n times in

Tex0, the number of parallel evaluations in each rendering pass is increased to
4xN

n xN
n . For a 1024x1024 target image and a 32x32 template this leads to 4096

evaluated positions for each rendering pass. The updating rule for this model is
quite simple because it only needs the translation of the whole template texture
over the target texture. This translation implies no data reallocation after the
rendering pass and thus it eliminates a previous explained bottleneck.

4 Experimental Results

Experiments have been performed using 3 different graphics cards. The first
platform is a Nvidia GeForce4 Ti4600 VGA card (NV25) in a 1.4GHz Pentium
4, 128 MB RAM, AGPx4 (named CPUx4). The second and third platforms use
a 3.2GHz Pentium 4, 1GB RAM, AGPx8 (named CPUx8) and respectively a
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Fig. 5. a) Different models for three different GPUs (target image: 1024x1024; template
image: 32x32). b) Comparison between CPU vs GPU (Model 3) performance. Different
sizes of square templates and target images are considered.

Nvidia GeForce FX5200 (NV34), and a Nvidia 6800GT (NV40). GPU applica-
tions have been coded in C using OpenGL as rendering API, Cg 1.2 as shading
language and Nvidia v66.93 drivers, while CPU programs were coded in C.

Figure 5 shows the experimental results. We have considered the previous
3 models for the GPU implementation and 5 different platforms. In respect to
the GPU implementations Model 1 is the worst in terms of efficiency, while, as
described before, Model 3 exploits the intrinsic parallelism of the graphics card.
Note that Figure 5 a) is semilogarithmic. Figure 5 b) shows that in the latest
GPU the performance of this algorithm is very high, even superior to its host
CPU performance.

5 Conclusions

We have presented a step-by-step alternative implementation of a well known ob-
ject recognition method. We have demonstrated that the processor of a modern
graphics card can afford better performance than a modern CPU under certain
conditions, in particular, allocating data in a regular and parallel manner. The
GPU should operate in a SIMD fashion to get the most performance hit. Exper-
imental results show that the graphics card can be exploited in order to execute
non-rendering tasks freeing some computational load to the CPU.
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