
IBM Research TRECVID-2009 Video Retrieval System

Apostol Natsev∗, Shenghua Bao†, Matthew Hill∗, Michele Merler‡, John R. Smith∗,
Lexing Xie∗, Dong Wang†, Rong Yan∗, Yi Zhang§

Abstract
In this paper, we describe the IBM Research system for
indexing, analysis, and retrieval of video as applied to the
TRECVID-2009 video retrieval benchmark.

A. High-Level Concept detection:
This year, focus of the system improvement was on

global and local feature combination, automatic training
data construction from web domain, and large-scale de-
tection using Hadoop.

1. A ibm.Global 6: Baseline runs using 98 types of
global features and 3 SVM learning methods;

2. A ibm.Combine2 5: Fusion of the 2 best models
from 5 candidate models on global / local features;

3. A ibm.CombineMore 4: Fusion of all 5 candidate
models on global / local features;

4. A ibm.Single+08 3: Single best model from the 5
candidate models, plus the old models from 2008;

5. C ibm.Combine2+FlkBox 2: Combine
A ibm.Combine2 5 with automatic extracted
training data from Flickr;

6. A ibm.BOR 1: Best overall runs by compiling the
best models based on heldout performance for each
concept.

Overall, almost all the individual components can im-
prove the mean average precision after fused with the
baseline results. To summarize, we have the following ob-
servations from our evaluation results: 1) The global and
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local features are complementary to each other, and their
fusion results outperform either individual types of fea-
tures; 2) The more features are combined, the better the
performance, even with simple combination rules; 3) The
development data collected automatically extracted from
the web domain are shown to be useful on a number of the
concepts, although its average performance is not compa-
rable with manually selected training data, partially be-
cause of the large domain gap between web images and
documentary video;

B. Copy Detection:

1. ibm.v.balanced.meanBAL: Video-only submission
produced by fusing 2 types fingerprints using the
mean score in each constituent as a weighting fac-
tor.

2. ibm.v.balanced.medianBAL: As above, but using the
median scores as weighting factors.

3. ibm.v.nofa.meanNOFA: Similar to the first run, but
with internal weights for our temporal method tuned
more conservatively and a higher score threshold ap-
plied to our color feature based method.

4. ibm.v.nofa.medianNOFA: Similar to the meanNOFA
run, but using the median scores for weighting.

5. ibm.m.balanced.meanFuse: For A+V runs, we used
the same 2 video only methods, plus another video
method and a temporal audio method. In this run, we
used the mean scores of each constituent for weight-
ing.

6. ibm.m.balanced.medianFuse: As in the above run,
but using median score for weighting.

7. ibm.m.nofa.meanFuse: As with the video-only runs,
we adjusted internal parameters of the temporal
methods and the thresholds for the other methods.



8. ibm.m.nofa.medianFuse: As in the m.nofa.meanFuse
run, but using the median scores for weighting.

Among the runs, we found that using the median score
for fusing results from different methods to be superior.
There were only isolated instances in which the mean
method outperformed the median. We believe this is true
since the median is less sensitive to outliers, and in our
system, the temporal methods produced more extreme val-
ues as scores relative to the others.

We found that the audio feature was an important fac-
tor in task, although we concentrated our efforts on the
video methods. This suggests that more research on audio
matching could deliver more gains in our runs. With our
SIFTogram technique we did not preprocess the input as
thoroughly as we did with the color based method, and
we believe that would give a further, incremental boost.
Overall, in looking at the results, we were surprised at the
difficulty in choosing the threshold for the actual NDCR
metric. We also note that the “balanced” profile admits
very few false alarms, and suggest that a more truly bal-
anced profile be included in the future.

Keywords—Multimedia indexing, content-based Re-
trieval, Support Vector Machines, Copy Detection.

1 Introduction

This year the IBM team has participated in the TREC
Video Retrieval Track, and submitted results for the High-
Level Feature Detection and Copy Detection tasks. This
papers describe the IBM Research system and examine
the approaches and results for both tasks.

The IBM team continues its investigation on high-level
feature detection along three main directions: global / lo-
cal feature combination, large-scale learning with Hadoop
and automatic training data construction from web do-
main. First, we introduce multiple type of local SIFT-
based features in addition to the original 98 types of
global features, in view of the success of local features
in previous evaluation. To efficiently learn from such a
large pool of features, we generated the baseline results
using robust subspace bagging using Hadoop. Multiple
learning strategies have been tested. In addition, we pro-
vided a Type-C run to verify if training data automatically
downloaded and filtered from Flickr can be contributive

to detecting concepts in the news domain. Finally, mul-
tiple combination strategies had been utilized to augment
the detection performance for individual concepts. The
official evaluation results show that our best run achieved
56% improvement over the baseline run in terms of mean
average precision.

For the task of copy detection, we used results from a
temporal method and a color correlogram-based method
to produce the final answer in the video only runs. In
the A+V runs, we used those same two methods, an au-
dio version of the temporal method, plus a “SIFTogram”
- a histogram of visual codewords in frames, where the
codewords are quantized SIFT local features. This avoids
the computational expense of matching frames within fea-
tures, but showed a gain, particularly in the gamma trans-
forms, where, for instance, our color based fingerprints
did not fare well. Among the runs, we found that using the
median score for fusing results from different methods to
be superior. There were only isolated instances in which
the mean method outperformed the median. We believe
this is true since the median is less sensitive to outliers,
and in our system, the temporal methods produced more
extreme values as scores relative to the others.

2 Video Descriptors

2.1 Global Features

All of the global features are extracted from the repre-
sentative keyframes of each video shot. These keyframes
are provided by LIG[AQ07] and AT&T [LGZ+07]. Be-
cause learning on a rich set of low-level features has been
shown to be effective in improving the concept detection
performance, we have significantly increased the number
of feature types to be 98, by means of generating 13 dif-
ferent visual descriptors on 8 granularities (i.e., global,
center, cross, grid, horizontal parts, horizontal center, ver-
tical parts and vertical center)1. The relative performance
within a given feature modality (e.g., color histogram vs
color correlogram) is shown to be consistent across all
concepts/topics, but the relative importance of one feature
modality vs. another may change from one concept to the

1The final number of features is slightly smaller than expected be-
cause some of the visual descriptors are only generated on a selected set
of granularities



other.
We apply cross validation on the development data to

evaluate the generalizability of each individual feature. In
the following, we have listed a sample set of descriptors
which had achieved the top overall performance for the
concept modeling task:

• Color Histogram (CH)—global color represented as
a 166-dimensional histogram in HSV color space.

• Color Correlogram (CC) — global color and struc-
ture represented as a 166-dimensional single-banded
auto-correlogram in HSV space using 8 radii depths.

• Color Moments (CM) — localized color extracted
from a 5x5 grid and represented by the first 3 mo-
ments for each grid region in Lab color space as a
normalized 225-dimensional vector.

• Wavelet Texture (WT)—localized texture extracted
from a 3x3 grid and represented by the normalized
108-dimensional vector of the normalized variances
in 12 Haar wavelet sub-bands for each grid region.

• Edge Histogram (EH)—global edge histograms with
8 edge direction bins and 8 edge magnitude bins,
based on a Sobel filter (64-dimensional).

2.2 Local Features

We also generated 4 types of local SIFT-based features
using the feature extraction tool provided by University
of Amsterdam [vdSGS10]. We localized points of inter-
est within keyframes according to 2 different criteria: de-
tecting regions of interest with the Harris-Laplace oper-
ator [MS04] and by using dense sampling, where points
are selected in a regular grid over image locations. For
dense sampling, we extracted keypoints every 6 pixels in
both the x and y directions. In order to represent the re-
gions around the interest points we computed 4 variations
of the SIFT descriptor, computed on different color or in-
tensity channels, which proved to be particularly effective
in the experiments of Van de Sande et al. [vdSGS10]:

• SIFT. The classical 128 dimensional SIFT feature
proposed by Lowe [Low04], computed on the in-
tensity channel. It is invariant to scale, rotation and

affine photometric changes. This descriptor is con-
sidered state of the art and has been reported to be the
best performing in several object and scene recogni-
tion tasks [MS05].

• OpponentSIFT. A concatenation of the SIFT descrip-
tor computed on 3 color channels, namely the 2 op-
ponent color channels R-G (Red minus Green) and
Y-B (Yellow minus Blue), and the intensity channel.

• cSIFT. A concatenation of the SIFT descriptor
extracted on the intensity channel and a shad-
ing and shadows invariant version of the oppo-
nent color channels introduced by Geusebroek et al.
[GvdBSG01].

• rgSIFT. A concatenation of SIFT computed on the
normalized Red and Green channels (r and g respec-
tively, which span a chrominance plane invariant to
illumination changes), and the intensity channel.

Thus we obtained 8 different local descriptors types af-
ter cominbining 2 sampling methods and 4 descriptors
types. We followed the visual codebook approach [SZ03]
to build global descriptors for each keyframe based on the
extracted local features. There is not a general consen-
sus as what the size of the codebook should be. Yang
et al. [YJHN07] reported that best performances on the
TRECVID corpus were obtained with a vocabulary of
80,000 words. Van de Sande et al. [vdSGS10], on the
other hand, did not use vocabularies larger than 4,000
words. Considering efficiency as an important factor, we
chose to use a vocabulary size of 4,000 as a compromise.
We randomly sampled approximately 1 million keypoints
as seeds to compute k-means clustering in order to obtain
the 4,000 vocabulary words. Subsequently, each extracted
keypoint was associated to a visual word in the vocabulary
through soft assignment. As suggested by Van Gemert et
al. [vGSV+10], the use of soft assignment instead of hard
assignment can improve performances and mitigate the
limitations of a small vocabulary size (in our case 4,000
vs. the 80,000 suggested by Yang et al. [YJHN07]).

3 High-level Feature Detection
Our concept detection system includes multiple base and
meta-level learning algorithms such as robust subspace



bagging with SVMs, cross-domain learning with web
data, and so on. It also consists of different fusion strate-
gies for leveraging multi-modal relationship. We con-
tinue improving the general SVM learning algorithms
to accommodate a larger set of global and local visual
features, and re-implement the learning algorithms on
a MapReduce-based distributed learning system called
Hadoop. The details of these components are explained
in details in the rest of this section.

3.1 Baseline Methods
We used the annotations officially provided by the collab-
orative annotation forum organized by LIG [AQ07]. In
the learning process, the development data are randomly
partitioned into three collections: 70% as the training set,
15% as the validation set, and 15% as the held-out set.
Most of our following algorithms are learned on the train-
ing and validation data, while the fusion strategies are de-
termined based on the held-out data.

For each type of features, we applied both the baseline
SVM learning algorithm without any data sampling, as
well as an efficient ensemble approach called “robust sub-
space bagging” (RB-SBag), which enjoys several advan-
tages over SVMs such as being highly efficient in learn-
ing/prediction, robustly performed with theoretical guar-
antee, and easy to parallelize on a distributed learning sys-
tem [YFM+09]. From the training data, the algorithm
first learns N base models, each of which is constructed
from a balanced set of bootstrapped samples from the pos-
itive data and the negative data with sample ratio rd, un-
less the sample size is larger than data size. On the feature
side, if the training data contains multiple feature descrip-
tors, such as color correlogram, edge histogram, etc., each
descriptor is iteratively selected. Then the algorithm can
either use the entire descriptor space, or further sample a
subset of features with a rate of rf . The default param-
eters for rd is 0.2 and rf is 1. Each model is associated
with its 2-fold cross validation performance, where aver-
age precision is chosen in this case.

To minimize the sensitivity of the parameters for each
base model, we choose the SVM parameters based on a
grid search strategy. In our experiments, we build the
SVM models with different values on the RBF kernel
parameters, the relative cost factors of positive vs. neg-
ative examples, the feature normalization schemes, and

Figure 1: Illustration of the Map-Reduce implementation
for Robust Subspace Bagging.

the weights between training error and margin. The op-
timal learning parameters are selected based on the per-
formance measure on the same 2-fold cross validation on
training data. For each low-level feature, we select one
optimal configuration to generate the concept models.

To reduce the risk of overfitting, we control the strength
and correlation of the selected base models by adding a
forward model selection step. In more details, we re-
serve a portion of the labeled training data to serve as
a validation set Vc for forward model selection. The al-
gorithm iteratively selects the most effective base model
from the model pool, adds it to the composite classifier
without replacement, and evaluate its average precision
on Vc. Finally, it outputs the ensemble classifier with the
highest average precision, where the number of selected
base models i are usually much smaller than N . This se-
lection step runs very fast, and typically prunes more than
70-80% base models in practice.

3.2 Distributed Learning with MapReduce
and Hadoop

The need for distributed computing is apparent for model-
ing semantic concepts on massive multimedia data, which
can range anywhere from tens of gigabytes, to terabytes
or even perabytes. Inspired by the map and reduce func-
tions commonly used in functional programming, Dean
and Ghemawat [DG08] introduced a parallel computation
paradigm called MapReduce. Its popular open-source im-
plementation, Hadoop [had], has been successfully de-
ployed to process hundreds of terabytes of data on at least



10,000 processors. Compared with other parallel pro-
gramming frameworks, MapReduce provides the neces-
sary simplicity by making the details of parallelization,
fault-tolerance, data distribution and load balancing trans-
parent to users. Also, this model is easily applicable
to a wide range of data-intensive problems, such as ma-
chine learning, information extraction, indexing, graph
construction and so on [DG08].

The programming model of MapReduce is as follows.
Its basic data structures are a set of 〈key, value〉 pairs
with user-specific interpretation. Two individual func-
tions are needed for any computation, called Map and
Reduce. The Map function first reads a list of input key
and associated values, and produces a list of intermediate
〈key, value〉 pairs. After grouping and shuffling inter-
mediate pairs with the same keys, the Reduce function is
applied to perform merge operations on all intermediate
pairs for each key, and emit output pairs of 〈key, value〉2.
This model provides sufficient high-level information for
parallelization, where the Map function can be executed
in parallel on non-overlapping data partitions, and the Re-
duce function can be executed in parallel on intermediate
pairs with the same keys. Its abstraction can be summa-
rized by the following pseudo-code,

map : (k1, v1) → list(k2, v2),
reduce : (k2, list(v2)) → list(k3, v3).

Because of its ensemble structure, RB-SBag can be
straightforwardly transformed into a two-stage MapRe-
duce process. Figure 1 illustrates the main idea of
the MapReduce implementation for RB-SBag based on
Hadoop. The first MapReduce job only contains a train-
ing map function, designed to generate and store the pool
of base models, without using any reduce functions. The
abstraction for its input and output key-values can be writ-
ten as,

mapt : ([i, t], Ltrain) → ([i, t], Lh),

where i is concept index, t is the bag index and their joint
vector [i, t] forms the mapping keys. For values, Ltrain

is the location of training data, and Lh is the location of
the output base model h. After all the base models are

2Note that the input and output 〈key, value〉 pairs can have different
formats

produced, the next MapReduce job computes the predic-
tion results on the validation set V using a validation map
function, conducts forward model selection and combines
multiple models into composite classifiers using a fusion
reduce function. Its abstraction can be written similarly,

mapv : ([i, t], Lh) → list(i, [Lh, Lh
pred]),

reducef : (i, list[Lh, Lh
pred]) → (i, LCi),

where Lh
pred refers to the location of prediction results on

V , and LCi refers to the final composite classifiers.

3.3 Automatic Training Data Construction
from Web Domain

In order to explore the feasibility of leveraging open
source multimedia data from various web resources. On-
line channels provide rich sources for multimedia train-
ing data. User-generated and user-tagged multimedia con-
tent can help us understand the visual semantics through
crowd-sourcing, and improve the process of high-level
feature detection in terms of cross-domain applicability
and robustness. In particular, we consider images down-
loaded from Flickr as the main learning sources.

However, a large amount of noisy labels might be intro-
duced if we simply use top-ranked examples from Flickr
as the positive examples. Therefore, we applied a absorb-
ing random walk model to automatically filter out the out-
lier images, while keeping the image diversity for the fol-
lowing learning step. More details about this approach
can be found in the final version of the notebook paper.

3.4 Fusion Methods

We applied ensemble fusion methods to combine all con-
cept detection results generated by different modeling
techniques or different features. In particular, we used
a heuristic weighted linear fusion approach to merge the
models. When more than one models are combined, the
best model (according to the AP on the validate set) is as-
signed with a combination weight of 1. Then the weight
for a sub-optimal model is determined on the ratio of its
AP to the AP of the best model. If the ratio is larger than
0.95, the sub-optimal model is also assigned with weight
1. Similarly, we assigned weight 0.75 when 0.75 <=



Description Run Type MAP
Global A ibm.Global 6 A 0.07925
Global + Local, Best 2 models A ibm.Combine2 5 A 0.11845
Global + Local, All best models A ibm.CombineMore 4 A 0.11995
Global + Local + TREC08, Single best model A ibm.Single+08 3 C 0.08515
A ibm.Combine2 5 + Flickr C ibm.Combine2+FlkBox 2 C 0.0879
Best Overall Run A ibm.BOR 1 C 0.12355

Table 1: IBM TRECVID 2009 High level Feature Detection Task – Submitted Runs

ratio <= 0.95, and 0.5 when 0.5 <= ratio < 0.75.
Otherwise, the models are ignored.

To generate the runs, we detect the concepts first using
the following individual approaches and then proceeded
to fuse resultant detection results with described fusion
techniques.

1. Global: Learning with global visual features using
baseline SVM methods with RBF kernel, RB-SBag
with RBF and χ2 kernels;

2. Local: Learning with local features using RB-SBag
with RBF and χ2 kernels;

3. Flickr: Learning with automatically selected Flickr
training examples;

4. TREC08: The prediction results from the best IBM
TRECVID’2008 runs on 10 overlapping concepts;

5. BOR: Best overall run by compiling the best models
based on heldout performance for each concept.

3.5 Submitted Systems and Results
We have generated multiple runs of detection results
based on the approaches presented before. A number of
runs are submitted to NIST for official evaluation with
their submission name shown. The mean inferred aver-
age precision is used as the measure of the overall per-
formance of the systems. Table 1 lists the performance
of the submitted runs. As can be observed, the baseline
global run offers a reasonable starting performance for the
following combination, but local features clearly provide
considerable and complementary benefits to the predic-
tion results using global features. Selecting and fusing
the two best models from 5 models based on global and

local features can improve the detection performance of
Global baseline by 50%. Fusing more models can pro-
duce slightly higher performance, evidenced by the higher
MAP of A ibm.CombineMore 4. It is somewhat sur-
prising that the automatically selected web data does not
give any improvement over the original training data. This
clearly shows the large domain gap between web images
and documentary videos. Finally, the best overall run
brings consistent improvement in MAP over runs of all
flavors and raise the MAP to 0.123, or equivalently, 56%
performance improvement over Global baseline.

4 Copy Detection
More details on copy detection will be provided at the
workshop, and in the final notebook paper.

5 Conclusion
IBM Research team participated in the TREC Video
Retrieval Track Concept Detection and Copy Detection
tasks. In this paper, we have presented preliminary results
and experiments for both tasks. More details and perfor-
mance analysis on all approaches will be provided at the
workshop, and in the final notebook paper.
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