
Figure 25: Detail plot of figure 24 results. Only the baseline and results which use the
dissimilarity measure are shown.

it can be observed that, if the choice of clustering algorithm (k-means or radius-based)
is already made, it is always advantageous to use per-concept clustering (except for an
insignificant difference for the concepts office and truck). Thus, per-concept clustering
gives better performance. In addition, it can also be extended to include many more
concepts, where normal clustering already encounters scalability problems.

Given that the dissimilarity measure and per-concept clustering are the best choices,
we only need to select the best clustering algorithm. In terms of overall performance,
radius-based clustering is better than k-means clustering. Looking at individual con-
cepts, radius-based clustering is almost always better. There a significant difference in
favor of k-means for sports and court only.

In conclusion, when using visual vocabularies, radius-based clustering on a per-
concept basis with a dissimilarity measure outperforms the other possible choices. There-
fore, in the remainder of this chapter, we will use this method for local features.

7.3 Global and local features

In section 5.1, we distinguished two feature extraction methods: global feature extrac-
tion and local feature extraction. Global features are descriptions computed over the
entire image area. Local features are an aggregation of descriptions of many interest
regions. We compare two interest region detectors (see section 5.2): Harris-Laplace and
Colorboosted ColorHarris-Laplace. We also compare the above when combined with
different region descriptors (see section 5.3).

In the results from figure 26, we observe that local features are significantly better
than global features. However, given that the dimensionality of global features is about
8 times lower, they perform quite well. Between the two types of local features (Harris-
Laplace and Colorboosted ColorHarris-Laplace), there is no clear difference. On a per-
concept basis, we observe that for certain concepts Harris-Laplace is better, for others
Colorboosted ColorHarris-Laplace. For which concepts the detector is best also depends
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Figure 26: Performance results for global and local features paired with different descrip-
tors. For local features there are two separate interest region detectors: Harris-Laplace
and Colorboosted ColorHarris-Laplace.

on the descriptor used. As an example, for the concept sky, Colorboosted ColorHarris-
Laplace is better in combination with the opponent histogram, the hue histogram and
spatial color moments, but not in combination with the transformed RGB histogram.
So, when the computational resources are available, we should use both types of local
features or select the best feature on a per-concept basis.

In figure 26, we can also compare the different descriptors. For global features, spa-
tial color moments perform best; followed by the opponent histogram and the RGB
histogram. For local features, the SIFT descriptor and the opponent histogram per-
form best. They are closely followed by the transformed RGB histogram and the RGB
histogram. Slightly farther behind are spatial color moments.

The addition of spatial information in spatial color moments improves results over
color moments. However, computing spatial color moments on normalized RGB reduces
overall performance. Apparently the properties against which additional invariance
is achieved, i.e. light intensity, shadows, shading and viewing geometry, discriminate
certain video shots better. The same argument can be made for the color moment
invariants, which are invariant to light intensity and illumination color, and the hue
descriptor, which does not contain any intensity information.

In conclusion, the best features to use are local features with the SIFT descriptor
or the opponent histogram descriptor. However, these features do not exceed baseline
performance. In section 7.5, we will combine different features, which does improve over
the baseline.
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7.4 Color constancy

In our feature extraction pipeline (section 5.1), we can choose to apply color constancy
before descriptor computation. Results with and without color constancy are shown in
figure 27.

The addition of color constancy does not change overall performance for descriptors
which are already color constant: the transformed RGB histogram, color moment in-
variants and spatial color moment invariants are all unchanged. The SIFT descriptor
does not change either. Color constancy is not expected to affect performance for a
descriptor which uses intensity information only. However, for all other descriptors, the
overall performance drops. The rationale for including color constancy is that it should
increase performance by providing invariance to the illumination color. So, it is better
not to use color constancy, because it decreases performance.

When applying color constancy, several shots from a commercial are mistakenly
ranked very high. Due to the artificial colors found in the commercial, the estimation
of the illumination color fails. At the top in figure 28, one such keyframe and its color
constant version from the concept maps are shown. After normalizing with the wrong
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Figure 27: Performance results of features with and without color constancy. HL is short-
hand for Harris-Laplace. CBCHL is shorthand for Colorboosted ColorHarris-Laplace.
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Figure 28: On the left, two keyframes from shots which are highly ranked when using
color constancy are displayed. On the right, color constant versions of the keyframes
are displayed.

illumination color, the keyframe contains the same green typically found in maps. In
other cases, the illumination has been estimated correctly, but the reduced discrim-
inability makes the keyframe in the color constant keyframe similar to those that occur
frequently for this concept. An example is shown at the bottom in figure 28: an outdoor
music event is retrieved for the concept studio, which has a blueish background that
is very similar to backgrounds that frequently occur for this concept. Especially for
the concepts studio, maps, weather and entertainment there are significant decreases in
performance due to color constancy. For the other concepts there are only small changes
in performance, both positive and negative. We will refrain from using color constancy
in the remainder of our experiments.

7.5 Feature fusion

In section 7.3, we observed that our features individually do not exceed baseline perfor-
mance. However, we noted that the best feature to use differs on a per-concept basis.
When we use feature fusion (see section 5.6), we can let the machine learning algorithm
building the concept detector implicitly learn which elements of the feature vector to
use.

We have tried all combinations of any two features from figure 26. In figure 29
results of a subset of all combinations is shown. We observe that performance of Harris-
Laplace with the SIFT descriptor combined with the baseline gives the best performance.
The best combinations which include only our features contain Harris-Laplace with the
SIFT descriptor. Therefore, only combinations involving this feature and the baseline
are shown in figure 29. The best combination which does not include the baseline is
Harris-Laplace with SIFT descriptor combined with Colorboosted ColorHarris-Laplace.

When we compare the performance of individual features to fused features, we ob-
serve that good individual features fuse well. However, we note that features should be
sufficiently orthogonal to provide substantial gains. As an extreme example of this, we
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fuse Harris-Laplace with SIFT with itself. For this combination performance is lower
than Harris-Laplace with SIFT only. Another example is Harris-Laplace with SIFT
and Colorboosted ColorHarris-Laplace with SIFT: these features do not complement
each other. Fusion with global spatial color moments outperforms certain local fea-
tures. However, we should remember that the feature fused with already contains local
information.

In conclusion, the combination of features through feature-level fusion provides sig-
nificant performance improvements. Features that perform well on their own are good
candidates for fusion, as long as they are orthogonal.
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Figure 29: Performance results of feature-level fusion. Results without fusion are equal
to those in figure 26. Fusion is performed with either Harris-Laplace with SIFT de-
scriptor or with the Challenge baseline features. HL is shorthand for Harris-Laplace.
CBCHL is shorthand for Colorboosted ColorHarris-Laplace.
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8 Conclusions

In this thesis, we have developed a concept detection framework for large-scale evalu-
ation of visual features. Within this framework we have provided pipelines for global
features and local features based on interest regions. We have focused on including color
information in interest region detection and region description. After extensive exper-
iments on 85 hours of video data we see our hypothesis, namely: automated concept
detection using interest region features benefits from the addition of color information,
confirmed.

Specifically our experiments revealed that local features based on interest regions
outperform global features. However, there is no single feature which is best for all
concepts: the best feature depends on the concept. Overall, the intensity-based SIFT
descriptor and the opponent histogram descriptor are the best local descriptors. For
global features, spatial color moments perform best. Hence, when building a concept
detection system, one should use multiple ‘good’ features. Instead of using multiple
features, one could also choose to select features on a per-concept basis. This could be
done using cross-validation, for example.

In our feature fusion experiment, a combination of SIFT features and our color
features significantly improves over the baseline set by the Mediamill Challenge. Feature-
level fusion is an attractive way of combining features which are sufficiently orthogonal.
It would be interesting to see how many features can be combined before scalability
issues are encountered. Another interesting approach would be to perform fusion of
shot rankings, which potentially scales better than feature fusion.

For learning concept detectors, the performance increase of using SVM over Fisher’s
Linear Classifier is modest when compared to the hundredfold increase in computational
effort. Only when the computational resources are unconstrained, SVM should be used.

The method for the construction of a visual vocabulary for aggregation of interest
regions into a feature vector is of significant influence on concept detector performance.
Radius-based clustering selects better clusters than k-means clustering. Clustering on
a per-concept basis yields better vocabularies than one-shot clustering. When we ap-
ply a visual vocabulary, the default similarity measure from k-means suffers from data
sparseness. A dissimilarity measure gives significant improvements. In the future, we
aim to investigate if there is an optimal visual vocabulary size which maximizes concept
detector performance.

Our color constancy method is not robust to the artificial colors found in commer-
cials. However, given that commercials purposefully contain unnatural color distribu-
tions, the assumptions made by color constancy methods in general will not hold. This
can be solved by either filtering non-natural color distributions, or by not applying color
constancy in the news video domain.

Overall, we have improved automatic semantic concept detection by combining state-
of-the-art intensity features with color features. The improvement is even larger when
we combine our features with the baseline. Further work can be done on extending the
set of well-performing, orthogonal features. These features can easily be integrated in
our concept detection framework.
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A TRECVID Participation

The features from this thesis have been included in the Mediamill TRECVID 2006 sys-
tem. At submission time, the SIFT descriptor and the hue descriptor from this thesis
were ready for use. We evaluated performance of these descriptors on the Mediamill
Challenge using the Harris-Laplace detector, the Colorboosted ColorHarris-Laplace de-
tector and a combination of the two detectors. This combination of the two detectors
uses the interest regions of both. We also considered the feature fusion (section 5.6) of
the hue and SIFT descriptor. Overall the 9 features listed in table 5 have been tested.

Detector Descriptor Used in run
Harris-Laplace SIFT yes
Harris-Laplace Hue no
Harris-Laplace Hue+SIFT yes
Colorboosted ColorHarris-Laplace SIFT yes
Colorboosted ColorHarris-Laplace Hue yes
Colorboosted ColorHarris-Laplace Hue+SIFT no
Harris-Laplace and Boosted ColorHarris-Laplace SIFT yes
Harris-Laplace and Boosted ColorHarris-Laplace Hue no
Harris-Laplace and Boosted ColorHarris-Laplace Hue+SIFT no

Table 5: Features from this thesis that have been considered for inclusion in the
TRECVID participation. The right-most column lists whether the feature was used
in the submission.

Based on an experiment with Challenge data, we selected the best combination of
features using shot-ranking fusion. The best combination is a subset of 5 out of the
9 features. This combination has been submitted as my run. A combination of my
features with Gabor features and Weibull features5 has been submitted as a run as well.

We plot the results of all TRECVID submissions in figure 30. We achieved the best
performance of all TRECVID 2006 submissions for the concepts charts and flag USA
with the Mediamill run which includes my features. From all runs submitted by the
Mediamill team, the run with my features only achieved the best performance for the
concept animal.

Additional details on the shot-ranking fusion and the runs can be found in the
Mediamill TRECVID paper [40]. The features from this thesis have also been used in
the Mediamill semantic video search engine [41].

5Weibull features form the baseline in the Mediamill Challenge.
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