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Abstract
We present an exemplar-based object recognition system
which is capable of on-line learning of representations of
scenes and objects from image sequences. Local appearance features are used in a tracking framework to find ‘keyframes’ of the input sequence during learning. The representation of the stored sequences which are used for recognition of novel images consists only of the appearance features in these key-frames and contains no further a-priori
assumptions about the underlying sequences. The system
is able to create sparse and extendable representations and
shows good recognition performance in a variety of viewing conditions for databases of natural and synthetic image
sequences.

1 Introduction
Many computer vision recognition systems typically
followed Marr’s approach to vision in building threedimensional (3D) representations of objects and scenes
(e.g., [2]). The view-based or exemplar-based approach,
however, has recently gained much momentum due to its
conceptual simplicity and strong support from studies on
human perception [5, 20]. In this approach, an object is
represented by viewer-centered ’snapshots’ instead of an
object-centered 3D model.
In recent years exemplar-based vision systems based
on local image descriptors have demonstrated impressive
recognition performance [1, 6, 8, 13, 18]. These systems
normally work on a pre-defined database of objects (in the
case of [13] more than 1000 images). However, one problem these approaches have hardly addressed is how to acquire such a database. When considering an active agent
which has to learn and later recognize objects, the visual
input the agent receives consists of a sequence of images.

The temporal properties of the visual input thus represent
another source of information the agent can exploit [9].
In this work, we therefore want to go one step further
and move from a database of static images to image sequences. We present a low-level recognition system which
is capable of building on-line image-based scene representations for recognition from image sequences. These sequences are processed by the system to find ‘key-frames’ frames where the visual change in the scene is high (related
to the idea of ‘aspect-graphs’ from [7]). These key-frames
are then characterized by local image descriptors on multiple scales which are used in the learning and recognition
stages. The system uses the same framework for learning
and for recognition which leads to an efficient and simple
implementation. Furthermore, an inherent disadvantage of
the traditional image-based approaches is that they require
many training images in order to be able to recognize objects in a variety of viewing conditions thus leading to high
memory requirements. Our framework addresses this problem by offering an automatic data-driven way of selecting
which image data to keep and by using only a small amount
of the image data itself for recognition.
We tested the recognition system on databases of computer rendered sequences of faces and real-world videosequences of cars. Recognition results demonstrated the
robustness of the system under a variety of viewing conditions. We also present preliminary results for an incremental learning strategy which is used to expand the key-frame
representation.

2 Overview
During learning (see Figure 1), the input consists of an
image sequence, which is processed on-line. In the first
frame features are extracted at several scales, which are then
tracked in the subsequent frames. Once tracking fails, a new
key-frame is added to the representation and a new set of
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marks1 and 4 sequences taken with an off-the-shelf camcorder. This database contains sequences with various types
of motion in the scene.
The second database consists of 30 sequences of faces
turning from -90 degrees (left) profile view to +90 degrees
(right) profile view. The sequences were rendered from
models of 30 individuals which were recorded with a laser
scanner (CYBERWARE  ) to obtain highly realistic 3D
structure and texture data. Each of the sequences contains
61 frames at pose intervals of 3 degrees and was rendered
with a black background. This database was used to test
the system under controlled motion and illumination conditions (for a detailed examination of the performance of the
system under illumination see [21]).
The third database consists of sequences, which were
taken with an off-the-shelf camcorder (Sony DCR-TRV17).
We took 10 video sequences of different cars which were
recorded by walking with a video-camera around a car under daylight lighting conditions. No effort was made to control shaking or distance to the car. For recognition we took
a test-set of 25 photos of 5 of the cars with a standard digital
camera (Olympus C-1400, note that this also means different camera optics) under different viewing conditions. This
database together with the photos contains all kinds of variations in motion in the scene and different backgrounds and
illumination in the test-set.
All sequences were resized to 512x512 pixels and processing was done on the full color images except for two
monochrome sequences in the first database.
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Figure 1. Overview of the learning stage.

features is extracted in this key-frame, and the whole process repeats until the sequence ends. The final representation of the sequence then consists of a number of key-frames
containing visual features on multiple scales. For recognition of novel test images, local features are first extracted
and then these features and their configurations are matched
against the key-frames in all learned representations.
Section 3 presents the databases which were used to test
the performance of the system. Section 4 describes the features which are used in the system together with the matching algorithm that is applied both for tracking and recognition. In Section 5 the generation of key-frames is analyzed
and recognition results for the system on the databases are
presented in Section 6. In Section 7 a scheme to extend already existing models is introduced and preliminary results
are given. Section 8 considers the proposed framework as
an exemplar-based approach and addresses critical points
often brought forward against this approach.

4 Feature extraction and matching
4.1 Visual Features
We decided to use corners as the basis for visual features, since these were found to be good and robust features
under many viewing conditions in numerous other works
(e.g.,[14]). In order to extract corners we use a standard
algorithm [17] modified to integrate information about all
three color channels since this further improved robustness
in the color image sequences we processed. Corners are
found by inspecting the structure in a 9x9 neighborhood 
of each pixel in the following way:
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The first database, which was used for tracking and
recognition experiments in sections 5.1 and 6.1 contains 6
short video sequences mainly used for optic flow bench-
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Available at
http://sampl.eng.ohio-state.edu/˜sampl/database.
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a) desk − 11 frames

b) sflowg − 12 frames

c) MOVI − 4 frames

d) car01 − 8 frames

e) osu−1 − 7 frames

Figure 2. Examples of feature tracking. The first frame of the sequence together with trajectories of
the tracked features from all scale levels is shown.



of yields information about the structure of the neighborhood.
In the next step, a hierarchical clustering algorithm is
used to cluster the values of ; < into two sets and use the one
with the higher mean-value as the feature set. Using a clustering algorithm has the advantage that one does not need
to specify a hard-coded threshold for the values of ; < for
each image. Furthermore, the hierarchical structure makes a
coarse-to-fine strategy possible and thus speeds up the clustering process considerably.
Visual features are then extracted by storing the image
location of each corner together with the intensity values in
a 11x11 pixel image patch surrounding the corner. This is
done on all three scales to get a coarse-to-fine representation
of the image consisting of about 200 features in total.

the two images.
The first term measures the image distance (dist) from
feature @ to feature with n
VoW set to small values thus givB closeTU matches
ing a tendency toward
in distance. The second term measures the normalized cross-correlation (NCC)
of the neighborhoods from features @ and , with n
ghh set
B
to values larger than 0.5, thus biasing the results
toward features that are similar in appearance. The NCC is evaluated
in the small image patch surrounding each feature.
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=

=yx!z

4BE1

_{|_su

v

5 Key-frames
5.1 Tracking between Key-frames
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As shown in Figure 1, a representation of the sequence
is generated by tracking the features found in the first frame

where j2k is the position of feature @ in one image and jml of
feature in another image and @ index all feature pairs in

B
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where { is the identity matrix. Features @ and are matched
B
if they have both the highest entrance in the column
and row
of = x and if the NCC exceeds a given threshold }~
g!hih .
This method effectively provides a least-square mapping
between the feature sets and at the same time ensures that
there is a one-to-one mapping of features 2 . For recognition and tracking purposes we count the number of matches
in a test frame with respect to a given reference frame and
use the percentage of matches as the decision criterion for
matching.
The resulting algorithm is capable of matching under
affine feature transformations between two images ensuring
reliable and flexible tracking and recognition.

Both tracking and recognition in the proposed system
consist of finding correspondences between feature sets in
two images. For tracking, matching is done between feature
sets from the most recent key-frame of the sequence and the
current frame. For recognition, matching is done between
the test frame and all the key-frames in the model. As a
consequence we use the same matching algorithm for both
tracking and recognition which leads to an efficient implementation.
The method, which we shortly summarize, is based on
[12] (where it was used for stereo matching) and [15] and is
a variation on the well-known Procrustes problem of rotating two datasets onto each other.
The algorithm constructs a similarity matrix = with each
entry >?,A@
given by two contributing terms:

>D,A@
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the matching algorithm constructs the modified SVD of this
matrix, defined by

4.2 Feature matching for tracking and recognition
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the feature mapping can occur between sub-sets of features.

Figure 3. Key-frames for two face sequences and two car-sequences.

5.2 Key-frame generation

until tracking fails at some time. We use the matching
algorithm to match features from the first to the current

frame. The parameters are n
-   pixels for
T(U VoW
/ 
each of the three scales to restrict feature displacement
and


n g!hih
i  and }~ g!hih
Y to find features which are
similar in appearance. Tracking fails once the percentage

; at this time a new
of matches falls below }~
W^A
/2b a new set of features
key-frame is inserted into the model,
is found and the process repeats until the sequence ends. In
the end, the model of the sequence consists of a number of
key-frames with visual features at several scales.

In the tracking phase, the algorithm has four parameters which control its behaviour: n
TU VAW , n g!hih , }~ g!hh and
}~ WA5 . For the settings given in the previous section we
first analyzed the key-frames for the face- and car-database.
For the controlled motion in the face-database the system
found 7 key-frames for each of the 30 sequences with each
key-frame roughly in the same pose (Table 1 and Figure 3).
Key-frame
Pose (deg)

Figure 2 shows examples from the tracking process using
five sequences from the first database. The sequence in Figure 2a contains mainly translational motion orthogonal to
the viewing direction and Figure 2b contains translational
motion in depth. Figure 2c shows tracking for rotational
and Figure 2d for rotational and translational motion, while
the sequence in Figure 2e contains a more complicated motion of a face getting nearer to the camera. In all cases, the
motion in the image is accurately captured by the tracking
procedure.

1
-90

2
-61

3
-33

4
-6

5
18

6
44

7
73

Table 1. Average pose in degrees for each key-frame

The angular distance between key-frames is smallest for
the frontal poses (between Key-frames 4 and 5). This is
due to the fact that a rotation around the frontal view causes
larger variations in features (such as ears disappearing and
appearing) which leads to an earlier termination of tracking.
For the car-database with varying amounts of motion
we found that a similar number of key-frames was generated overall, with the key-frames roughly covering the same
viewpoints of the cars (Figure 3 shows some corresponding
key-frames from two car sequences).
In general, we found that increasing }~
W^^5 , n ghh ,
and decreasing n
leads to more reliable tracking
}~

The matching algorithm is capable of handling also
larger feature displacements between frames, so that it
could even be implemented in real-time, since it does not
need to process every single frame.

g!hh
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scales.
While many other approaches characterize features with
a lower-dimensional feature vector ([6, 8, 10, 13, 18]) and
thus could provide even further size reduction, we want to
emphasize that with the proposed framework some of the
original image content is still available.
Figure 4 shows two examples of the reconstruction of
image data from local features in the representation. Reconstruction is done by drawing all features at the coarsest
scale, expanding the image to the next scale and repeating
this process until the finest scale is reached. In the reconstructed images, small-scale features appear sharp whereas
large-scale features are blurred.
Figure 4. Reconstruction of two images from
their feature representations.

6 Recognition of Images
In the following we will describe three experiments,
which tested the recognition performance of the system on
single images. The first experiment was done with a variety
of image degradations to test the robustness of the system
under synthetic noise. In the second experiment, we tested
using face-database with faces varying in pose and illumination intensity. The third recognition experiment was done
on the car sequences with a test-set of 25 pictures taken under different viewing conditions (with a different camera on
different days).
In all experiments again the matching algorithm was
used to recognize a given image by matching the features
from this image to each frame in the database. For the first
experiment matching was done against all individual frames
of the original sequences, whereas in the second and third
experiment the key-frame representation was used. In all
cases, the frame with the highest percentage of matches was
selected as the best matching frame.

but also generates a large number of key-frames. Our choice
of parameters reflects a trade-off between generating a very
sparse representation reliable recognition between the generated key-frames.

5.3 Size reduction
The final representation of the system consists of a number of key-frames containing small image patches which
results in a large size reduction for the processed image
sequences. This is an essential property for any imagebased system working on sequences since otherwise huge
amounts of data would have to be stored.
In order to calculate the size reduction of the representation, we compared the size of the final sequence models
for both databases to the raw pixel data and to the size of
mpeg2-encoded sequences 3 . For the car-database raw data
consisted of 512x512 pixel frames with 25 frames per second and on average 32.2 seconds of image data yielding
a total of 603.8MByte, mpeg-2 compressed data size was
on average 22.1MByte. For the face-database raw data size
was 45.8MByte, mpeg-2 compression resulted in 1.6MByte
on average.
The models from the car-database generated 17.2 keyframes on average with each key-frame containing 200
features and 11x11 pixels per feature, yielding a total of
1.2MByte; this leads to size reduction of 99.8% for raw
data and 94.7% for mpeg2-compressed data. The face models consisted of 7 keyframes and resulted in size reduction
of 98.9% and 69.7% respectively. The lower size reduction for the mpeg2-compressed face-database was due to
the concentration of all 200 features within the region of
the face which resulted in larger overlap of features over

6.1 Image degradations
Forty random images from the first database of short sequences were degraded with 7 types of image degradation
(see Table 2) ranging from changes in intensity to warping the image. Also shown in Table 2 is the mean match
percentage of the best matching frame and the recognition rate. Larger recognition failures occurred only in the
shear, zoom and occlusion conditions, where feature distances were sometimes closer to neighboring frames due to
the geometric transformations 4 . To demonstrate the limits
of the feature-based approach, we randomly superimposed
12x12 pixel squares in the occlusion condition over the images so that 15% of the image was occluded. This led to a
drastic reduction in recognition rate due to the almost destroyed local image statistics.

3 The encoder is available at http://www.mpeg.org/MPEG/MSSG/.
For all experiments the default parameters were used.

4 Note, that the inter-frame distance in the first database is small, making this a hard task.

5

6.3 Car-database

Figure 5a shows one correctly recognized test image
from condition 8.
type
1.
2.
3.
4.
5.
6.
7.
8.

brightness +60%
contrast +60%
noise +40%
equalized color
shear
zoom x 1.5
occlude 15%
all of 1,2,3,4,5

match
percentage
66.4%
65.6%
57.6%
53.3%
31.9%
32.9%
5.8%
28.3%

The test-set for the car-database consisted of 25 pictures
of cars from the database in different viewing conditions.
These can be broadly categorized into changes in lighting
conditions (Figure 5d), different viewing distances (Figure
5e) and occlusion by other objects (Figure 5f). In order to
reduce false matches due to large feature distances in the
image plane, each test image was displaced by 40 pixels in
four different directions and the match algorithm was run
for each displacement. Table 4 lists again the percentage of
matches and the number of false matches and Figure 5d-f
show recognition results for each of the three viewing conditions.

recognition
rate
97.5%
97.5%
95.0%
95.0%
85.0%
82.5%
47.5%
77.5%

Table 2. Recognition results for image degradations

6.2 Face-database
match
percentage
false
matches

For the face-database we created four test-sets: the first
test-set consisted of all frames of the original sequences
which were not key-frames. This was done to test whether
the system generates a consistent representation for all sequences. In the second set we rendered all 30 sequences
again with two different strengths of lighting, and the third
set contained pose variation by ?- degrees orthogonal to
 fourth test-set comthe direction of rotation. Finally, the
bined all three sets into one. Table 3 lists the match percentage and the recognition rate for all test-sets and Figure 5b,c
show recognition results from the second and third test-set.

match
percentage
recognition
rate

between
key-frames

lighting
variations

pose
variations

all
three

60.2%

33.5%

39.5%

44.5%

100%

90.1%

98.2%

81.2%

lighting
variations
(12 images)
19.1%

viewing
distance
(8 images)
17.2%

occlusion
(5 images)
18.5%

2

1

1

Table 4. Recognition results for the car-database

Compared to the face-database the average percentage
of matches was much lower due to the large variations in
appearance. A closer analysis of the recognized frames
showed that the percentage of matches dropped very sharply
around the best matching key-frame, whereas all other test
images gave a nearly constant amount of matches over all
key-frames.

7 Incremental Learning
Since the first frame of a sequence always becomes the
first key-frame, the resulting set of key-frames will be different for a slightly different starting point. In order to overcome this problem and also to provide a general framework
for incremental learning of models, an additional step in the
learning phase is introduced.
The first learning phase generates a set of key-frames
from a sequence as an initial reference representation. For
each new sequence, again, key-frames are extracted. Then,
each key-frame is compared to the already learned keyframes with the recognition algorithm. If no match is
found5 , the frame is added to the representation, whereas for
each match a hit-counter for the corresponding key-frame is
increased.

Table 3. Recognition results for the face-database

While recognition results for each test-set alone were
very good, recognition performance dropped for the combined test-set due to a greater rate of false matches. Almost all false matches for a given face F occurred for images of other faces in the same pose as the key-frames for
face F. These views led to a higher percentage of matches
than views of face F under different lighting in poses, which
are far away from key-frame views.
Interestingly, the best matching key-frame corresponded
to the correct pose in 99.2% of all test-images regardless of
face identity. This result shows that the system is capable of
reliable pose-estimation (see also [21]).

5 The threshold for rejection of a frame is set to
ensure consistency
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shows increased robustness in many viewing situations
(such as occlusion, change in lighting conditions [21], sensor noise). This property thus enables the system to generalize over more cases in comparison to other imagebased techniques using whole images, which in turn results
in fewer training examples. The matching algorithm essentially combines elements of two prominent approaches
which are pursued in object recognition - the feature-based
and the appearance-based approach.
In addition, as shown in Section 5.3, our framework
creates sparse representations, where the selection of local features over several scales still allows for some actual
image information to be present in the representation (see
Figure 4). This represents a compromise between the two
extremes of pure image-based approaches and highly abstracted model-based approaches.
With regard to matching times for recognition, the complexity of matching is linear with the amount of trained sequences, linear with the amount of key-frames found and
cubic in the amount of features in each key-frame. The incremental learning technique described in the previous section, however, allows for a reduction in both training and
recognition time since at some point the whole image space
will be covered with key-frames. In addition, the concept of
the canonical view reduces recognition time by taking into
account the presentation statistics of the learned representation. Furthermore, more sophisticated database indexing
techniques would offer further improvement for recognition
time. A possible solution to overcome the cubic complexity
for SVD will be to use sparse matrix techniques (as already
suggested in [12]). This is based on the observation that
any given feature normally has only a low number of possible match candidates thus making the similarity matrix =
sparse.
The proposed exemplar-based framework thus is able to
address these critical points and offer solutions to improve
the performance of image-based systems. On the other
hand, the representation of this system consisting of local
features can be used as the basis from which to construct a
higher-level representation. Analysis of the features in keyframes across models belonging to one category (e.g., faces)
can be used to find common features or even groups of features (see also [19]) which are characteristic for this category. This would represent a step towards creating modelbased knowledge from existing exemplar-based models.

The resulting representation is a connected graph of
characteristic views of the presented sequences with additional information about the frequency of each view. This
additional information can then be used to speed up matching since it is more likely that a new frame matches a highly
frequented view 6 .
Here, we want to present preliminary results for this
incremental learning scheme which were obtained with
the face-database. We rendered additional sequences of
two faces with three different pose animations. Figure 6
shows these sequences for one face together with the connected key-frame representation in its final state in a viewing sphere representation with each key-frame at its corresponding position.
The learning process started with the first sequence (running along the horizontal axis in Figure 6) which created
the initial representation, then the second sequence was integrated (running along the vertical axis) which resulted in 6
additional key-frames in the periphery. The third sequence
(diagonal from top left to bottom right) again added 6 keyframes. The final test-sequence consisted of 32 images covering a circle in the viewing sphere (the solid circle in Figure 6), which resulted in 9 key-frames on its own. Since
the viewing sphere was already covered in many areas, only
3 key-frames were added to the representation (shown in
Figure 6 with exclamation marks). The key-frame which
received the most matches during the learning process was
the frame in the center.

8 The Bigger Picture: The proposed framework as an exemplar-based approach
The proposed framework is purely exemplar-based, i.e.
it does not rely on pre-constructed models or high-level apriori knowledge, but instead constructs a representation
closely connected with the original input data.
Some of the main arguments against exemplar-based
methods, which are often put forward and which we want
to address within the proposed framework, are that

 they require a large number of training examples,
 they use large amounts of storage for the representations,

 indexing into the representation takes a long time.
While the amount of training examples in our framework
is presumably still higher to obtain invariant recognition
than with an underlying model (e.g., [3] for faces), the combination of configurational information and appearancebased information in the local feature matching process

9 Conclusion and Outlook
We have presented an exemplar-based recognition system which is capable of on-line learning of sparse scene
representations from arbitrary image sequences. It uses
a simple and efficient framework both for learning and
recognition. The use of sequences together with the key-

6 In Psychophysics terminology the frame with the highest number of
matches would be called the canonical view (see [11] and also [4] for a
recent study), which plays an important role in human object recognition.
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multiple views and temporal associations for 3-D object
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framing technique enables the system to create representations which reflect the amount of visual change in the
scenes. Recognition performance on databases containing synthetic and real-world image data demonstrated that
the system is capable of recognition and reliable poseestimation under a variety of different viewing conditions.
In addition, results for the incremental learning scheme
showed that the key-frame representation can be easily extended.
The system currently operates in closed-loop conditions
(i.e. the input consists of pre-cut and labelled sequences for
learning). With the use of more globally evaluated features
such as color and texture histograms [10, 16] the system will
decide autonomously when to begin a new model. In addition, the resulting models will include information about the
object and the surroundings since the system uses no segmentation. While the recognition experiments have shown
that the system can cope with background variations, in an
active vision paradigm an attention module could actively
select the features belonging to one particular object, while
the others are discarded and not tracked.
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Figure 5. Recognition results with a) degraded and b)-f) novel images. Test images are depicted in
the upper row.

−90°

!

−90°

90°

!
!

90°
Figure 6. Key-frame representation after three additional sequences were integrated.
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