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Abstract. Constructing pattern classification based media indexing applications
for distributed processing environments (DPES) often requires knowledge in fea-
ture extraction as well as distributed processing. In order to achieve an appropriate
tradeoff between indexing error rate and processing time, feature extractors (FES)
must be carefully selected based on their application specific indexing and DPE
specific processing characteristics. In this paper we propose an algorithm which
given a trainable pattern classifier, a generic FE library, a DPE (within a certain
class of DPEs) and a manually indexed media stream, automatically generates a
sequence of media indexing application configurations. The algorithm is based
on task graph scheduling and feature subset selection, combined in a heuristic
search procedure. The media indexing application configurations are generated in
increasing order of indexing error rate and decreasing order of processing time.
As a result, media indexing applications with various tradeoffs between indexing
error rate and processing time can be constructed automatically.

1 Introduction

The technical ability to generate volumes of digital media data is becoming increas-
ingly “main stream” in today’s electronic world. To utilize the growing number of
media sources, both the ease of use and the computational flexibility of methods for
content-based access must be addressed; e.g. an end-user may want to access live con-
tent automatically under a variety of processing environments ranging from complex
distributed systems to single laptops.

In order to make media content more accessible, pattern classification systems which
automatically classify media content in terms of high-level concepts have been taken
into use. Roughly stated, the goal of such pattern classification systems is to bridge the
gap between the low-level features produced through signal processing (feature extrac-
tion) and the high-level concepts desired by the end-user. Automatic visual surveillance
[1], indexing of TV Broadcast News [2] and remote sensing image interpretation [3] are
examples of popular application domains. For instance, in [2], a TV Broadcast News
video stream is automatically parted into segments such as Newscaster, Report, Weather



Forecast and Commercial. Thereby, the video stream is indexed and an end-user can ac-
cess the different types of segments directly, without skimming through the complete
video stream.

Recent media indexing applications are based on pattern classifiers which can be
trained automatically from manually indexed media streams given a set of feature ex-
tractors (FEs). In short, such approaches do not require manual specification of the
correspondence between the low-level features produced by FEs and the high-level con-
cepts desired by the end-user. Consequently, constructing media indexing applications
becomes more flexible and accessible.

Still, the FEs must be carefully selected based on the desired level of misclassifica-
tion (error rate) as well as the desired processing time of the media indexing application.
FEs may differ in

— computational complexity,

— dependencies on other FEs (restricts parallelization),
— the size of the features produced,

— their relevance to the high-level concepts of interest,

and as a result, manual selection of FEs often requires expert knowledge in feature
extraction and distributed processing.

To lessen the difficulty of selecting FEs which are relevant to the high-level con-
cepts of interest, FE subset selection approaches from machine learning and pattern
recognition can be applied [4]. However, such approaches do not consider the process-
ing characteristics of FEs nor the tradeoff between error rate and processing time in a
distributed processing environment.

In this paper we introduce the ARCAMIDE algorithm, a general purpose algorithm
for Automatic Resource-aware Construction of Applications for Media Indexing in Dis-
tributed processing Environments. In short, the algorithm automates the selection of FEs
given

— the number and location of available CPUs,
— the communication latency and bandwidth,
— atrainable classifier,

— a set of manually indexed media streams.

The overall goal of the ARCAMIDE algorithm is to produce a sequence of FE con-
figurations in increasing order of error rate and decreasing order of processing time.
An FE configuration, in combination with the corresponding trained classifier, form the
basis of the constructed media indexing application. The constructed media indexing
application can be run on a distributed feature extraction and classification architecture,
such as the distributed component-based DMJ-framework [5] or the multi-agent based
framework in [6].

The rest of the paper is organized as follows. In Sect. 2 we briefly describe the
concept of training based media indexing and error rate estimation. Additionally, we
describe our media indexing application case. Then, in Sect. 3 we introduce an FE li-
brary which in addition to FEs contains FE processing characteristics. In Sect. 4 we
define the class of distributed processing environments we are targeting. Based on the



FE processing characteristics and the defined class of distributed processing environ-
ments, we describe an algorithm for scheduling a media indexing application on CPUs
in Sect. 5. The overall ARCAMIDE algorithm which integrates the error rate estima-
tion technique and scheduling algorithm is proposed in Sect. 6. Empirical results are
presented in Sect. 7. Finally, we conclude in Sect. 8 and discuss further work.

2 Media Indexing

A typical media indexing application consists of a sefedture extractorgFEs) and
aclassifier When indexing a media stream, the FEs produce a set of features for each
media segment (part) in the stream. The features quantify characteristics of the media
segments such as the roughness of the texture in an image region or the amount of
motion between two images. The goal of the classifier, then, is to associate a high-level
concept to each media segment based on the produced set of features. Finally, the media
segments are indexed with the determined concepts.

In order to be able to automatically associate high-level concepts to media seg-
ments from the produced features, a classifier can be trained on manually indexed me-
dia streams. Typically, the training is based on finding a more or less accurate mapping
between feature space and concept space, within a hypothesis space of possible map-
pings defined by the classifier type (e.g. 5-state Hidden Markov Model, 10-state Hidden
Markov Model, Decision Tree, Neural Network, etc.).

After training the classifier on manually indexed media streams (training set), the
classifier can be evaluated by measuring the number of misclassifications on another
manually indexed media stream not used for training (test set). We shall bgttheted
error rate of a classifier mean the number of misclassifications divided by the total
number of classifications on the test set. This estimated error rate can be seen as a
measure on how accurately the classifier will index novel media streams.

Depending on the media indexing application, various levels of error rate may be
allowable. For instance, misclassifying events when monitoring an airport for security
reasons may be more critical than misclassifying events when indexing a Baseball video
stream. Furthermore, when a classification error occurs, the consequences of different
types of errors may have different costs. E.g. it may be more costly to misclassify a
friendly airplane as hostile, than to classify an enemy airplane as friendly (depending
on the situation).

The frequency of each type of error may be traded off against each other based on
their cost. Furthermore, when selecting FEs the error rate may be traded off against
processing time. In the next sections we focus on the latter. The integration of the for-
mer will be the focus of our further work. For a thorough treatment on training and
evaluating classifiers, readers are referred to the literature (for example [7] and [8]).

We now introduce our media indexing application case, which is used to exemplify
various aspects of the ARCAMIDE algorithm. The media indexing application case
consists of a video camera capturing the traffic on a road from ground level. Each image
in the image stream from the camera is parted into 8x8 image regions. A texture fea-
ture, a colour feature and a difference picture based motion feature can be extracted in
each image region. Extracted features are fed to a collection of Hidden Markov Models



(HMMs) for classification. This is illustrated in Fig. 1. The goal of the media indexing
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Fig. 1. A stream of images from a camera where each image is parted into 8x8 image regions. A
texture feature, a colour feature and a difference picture based motion feature are extracted and
fed to a collection of Hidden Markov Models

application is to detect traffic events such as red bus passing to the left, red bus passing
to the right, collision, bicycle passing to the left/right, etc.

In this paper we focus on detecting vehicles passing in each direction. We construct
a training set by manually identifying a set of image sequences where a vehicle passes
from the left to the right and a set of image sequences where a vehicle passes from the
right to the left. It is assumed that only one vehicle appears at a time in the camera view
in order to keep the HMM state space and the number of HMMs at a practical level. We
train one HMM for each image sequence set. During training the HMMs learns how
a vehicle can be detected from the extracted features, and how a vehicle moves from
image to image in the respective direction.

Obviously, the processing time and the error rate of our media indexing application
depend on which FEs are used. For the task above the motion FEs may be highly rele-
vant, and the texture FEs and the colour FEs may be of some relevance. Furthermore,
features extracted from image regions not centered on the possible vehicle paths may
be irrelevant. When using all the FEs, the minimum error rate and the maximum pro-
cessing time can be achieved. The processing time can be reduced by using fewer FEs,
possibly at the cost of increased error rate.



3 Feature Extractor Library

We assume that the FEs are organized in a library where their processing characteristics
are specified. The following processing characteristics are used:

— a set of directed acyclic graphs (processing DAGs) where a node corresponds to an
FE, and an edge between two nodes corresponds to the communication of a feature
between the two respective FEs,

— the estimated processing time of each FE in milliseconds on various CPUs,

— the size in bytes of each feature communicated along an edge.

The processing time of each FE and the communication time of each feature can be
estimated based on the above processing characteristics when the allocation of FEs to
CPUs as well as the communication latency and bandwidth between FEs are given.

Fig. 2 is an excerpt from our example media indexing application processing DAG,
annotated with processing times and communication times. The processing DAG spec-
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Fig. 2. A processing DAG. Each group of FEs (indicated by the dotted boxes) is related to an
image region. There are in totéd FE groups

ifies that the image must be extracted from the image stream before the colour, texture
and difference picture feature can be extracted in an image region. Furthermore, the
difference picture in an image region must be extracted before the motion feature can
be extracted. It takesmillisecond to communicate an image region from the image ex-
tractor to for instance a texture extractor. Furthermore, it takasllisecond to extract
the texture feature.

Let entry FEsbe FEs without parents and lexit FEsbe FEs without children in
the processing DAGs. In the above context, it is assumed that the classifier only uses the
features produced by exit FEs. Hence, the classifier can be seen as the final processing
DAG node, connecting all the FE processing DAGs. Due to this role, the classifier will
be treated as a special case throughout the paper.



4 Distributed Processing Environment

Generally, a media indexing application is run on one or more interconnected CPUs in a
distributed processing environment (DPE). When run on multiple CPUs the processing
time of the media indexing application can often be sped up by extracting features
in parallel. In this paper we consider DPEs consisting of homogeneous CPUs where
communication between two CPUs is

— contention free,
— limited by a constant latency and bandwidth.

These simplifications are introduced to avoid the additional complexity caused by het-
erogeneous DPEs, communication contention, routing, etc. (which are not the focus of
this paper) while still handling a significant class of DPEs (e.g. dedicated homogeneous
computers connected in a dedicated switched LAN).

The classifier and each FE is allocated to a CPU where they are executed sequen-
tially in a predefined order. When an FE is to be executed, the respective CPU sleeps
until the features produced by the processing DAG parents of the FE are received. When
the classifier is to be executed, the respective CPU sleeps until the features produced by
exit FEs are received. For instance, the FEs from Fig. 2 can be allocated and ordered as
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Fig. 3. A distributed processing environment. The FEs from two image regions are allocated to
four CPUs and ordered for execution

shown in Fig. 3whed CPUs are available. Getimage is executed before Texture which

is executed before Colour, @PU 1 CPU 1andCPU 2finishes processing aftémil-
liseconds (here it is assumed that the communication time between CPUs on the same
host is insignificant)CPU 3andCPU 4finishes processing aftérmilliseconds ad
millisecond is spent communicating image regions from CPU 2 to CPU 3 and CPU 4.



Hence, the processing time of the given processing DAG#iliseconds (the amount
of time elapsed from the execution of the processing DAGs starts until all the nodes
have been executed).

5 Processing Time

The processing time of a set of FEs and a classifier (the processing DAG) determines the
number of media segments which can be indexed per second. Wheroddimgmedia
indexing the number of media segments which can be indexed per second determines
the sampling frequency. According to the Nyquist sampling theorem [9], any function
of time f(t) (e.g. stream of high-level concepts) whose highest frequeriéy can be
completely determined by sampling at twice the frequegy, In other words, if a
stream of high-level concepts is sampled at a frequency less than twice the frequency
of the finest details in the stream, high-level concepts may be missed. Whenodieing

line media indexing the number of media segments which can be indexed per second
determines the amount of time necessary to index a given media stream.

In this section we describe a simple scheduling and processing time estimation al-
gorithm targeting the class of processing DAGs defined in Sect. 3 and the class of DPEs
defined in Sect. 4. The algorithm is based on basic task graph scheduling [10]. In short,
it allocates and schedules a set of FEs and a classifier on CPUs (the goal is to minimize
the estimated processing time given the DPE), before the estimated processing time is
returned. The algorithm is summarized in Fig. 4 and described below.

We define theb-levelof an FE to be the length of the longest path from the FE to
an exit node. Likewise, the-levelof an FE is the length of the longest path from the
FE to an entry node. THength of a paths simply the sum of the FE processing times
(specified in the FE library) on the path. When calculating the b-level or the s-level of
an FE the FE itself is included in the path.

An FE is eitherllocatedto a CPU () or not allocatedo a CPU (V). Initially, none
of the FEs are allocated to CPUs. At each iteration of the processing time algorithm, the
non-allocated FE with the largest b-level is allocated to a CPU. This means that execu-
tion of long processing DAG paths are prioritized before execution of short processing
DAG paths. The main reason behind this strategy is that the longest processing DAG
paths often determine the processing time of the processing DAGs when multiple CPUs
are available, and accordingly should be executed as early as possible. As an example
of the above strategy, in Fig. 2, the b-level®étimages 5 millisecondsDifference2
milliseconds, an€olour 1 millisecond. Consequently, etimagehas been allocated
to a CPU DifferenceFEs are allocated to CPUs befd@@elour FEs.

When an FE is allocated to a CPU the FE is scheduled at the eat#stime
possible. The FE may be started when

— the CPU becomes available after previous processing
— the FE receives the features produced by its processing DAG parents.

The scheduledtop timeof an FE is simply the sum of its scheduled start time and its
processing time (specified in the FE library). An FE receives a feature from a processing
DAG parent at the scheduled stop time of the parent if the two FEs are located on the



; The processing time algorithm

pt(F)
; Initially all FEs are unallocated
A= 0
N = F;

WHILE #N > 0 DO
; ldentifies FE with largest b-level
n_max := ARGMAX n IN N: b_level(n);
;. ldentifies the CPU which allows the earliest start time
p-min := ARGMIN p IN P: start _time(n _max, p);
. Allocates nmax t0 p_min
allocate(n  _max, p -min);
A = A U {n.max},
N = N \ {n.max};

; Allocates classifier to CPU
p-min := ARGMIN p IN P: start _time(classifier, p _min);
allocate(classifier, p _min);

; Returns the ready time of each CPU
RETURN{ready _time( CPU.), ..., ready time( CPUp) };

Fig. 4. The processing time algorithm

same CPU. Otherwise, the communication time of the feature must be added to the
feature receive time.

When allocating the non-allocated FE with the largest b-level to a CPU, the CPU
which allows the earliest FE start time is selected (as a greedy step towards the goal of
minimizing the estimated processing time of the processing DAGs). Consequently, the
CPU selection is determined by the location of the FEs processing DAG parents and the
communication time of the corresponding features.

This iteration continues until all the FEs have been allocated. Then the classifier is
allocated to the CPU which minimizes the classifier start time. Finally, the scheduled
stop time,ready_time( CPU ), of the last FE to be executed on each CPU is returned.
The estimated processing time of the media indexing application corresponds to the
largest CPU ready time. The complete set of CPU ready times will be used to evaluate
the processing characteristics of given processing DAGSs in the next section.

6 The ARCAMIDE Algorithm

Theprocessing timef a media indexing application depends on the DPE, the selection
of FEs, the classifier as well as the scheduling of the FEs and the classifier on CPUs in



the DPE. Theerror rate of a media indexing application depends on the type of clas-
sifier used for indexing, the selection of FEs and the quality of the manually indexed
media streams used for training. When the DPE, the scheduling algorithm, the classifier
type and the manually indexed media streams are given, mainly the selection of FEs in-
fluences the error rate and processing time of the resulting media indexing application.
In this section we propose a heuristic search algorithm, the ARCAMIDE algorithm,
which selects sets of FEs from an FE library in order to offer tradeoffs between esti-
mated error rate and processing time for a given media indexing application in a given
DPE.

If the search for FE sets with appropriate tradeoffs between estimated error rate and
processing time is to be computationally practical, only a very small number of the
possible FE sets may be evaluated. When the FE library contdiiss there may be
up to 2" possible FE sets. Consequently, the choice of which FE sets to evaluate is of
paramount importance.

The ARCAMIDE algorithm consists of two FE selection stages. In both stages of
the algorithm the most inefficient parts of the processing DAGs in the FE library (when
considering estimated error rate and processing time) are pruned. Roughly stated, this
procedure corresponds to a standard sequential backward FE set search, extended to
handle processing DAGs. The FE set search is performed backwards, rather than for-
wards, in order to avoid a computationally expensive n-step look-ahead search, made
necessary by the processing DAGs and in some cases by complexly interacting fea-
tures. Obviously, other FE set search procedures can be applied by the ARCAMIDE
algorithm (such as beam search [8], genetic algorithms or branch and bound search
[4]) by extending them to handle processing DAGs. However, due to its simplicity,
computational efficiency and goal-directed behavior (when it comes to generating FE
configurations in increasing order of estimated error rate and decreasing order of esti-
mated processing time), this paper focuses on the sequential backward FE set search
procedure.

The ARCAMIDE algorithm (based on the backward FE set search procedure) is
summarized in Fig. 5 and described below in more detail.

Let F' be the set of available FEs from the FE library. In stage one of the AR-
CAMIDE algorithm the individual error ratey ({ f } U desc(f, F')), of each FEf, and
its processing DAG descendantshn desc(f, F'), is estimated as described in Sect. 2.
FEs whose error rate exceeds a given threshatd considered irrelevant in the context
of the given media indexing application. Consequently, these FEs are not considered in
the computationally more complex stage two.

Stage two of the ARCAMIDE algorithm starts with the resulting set of relevant FEs,
F, and proceeds by removing FEs (and their processing DAG descendantd) §em
guentially until all the FEs have been removed. First, the parallelizabili#% f con-
sidered by calculating the standard deviation of the CPU ready tihkgev (pt(F)),
as returned by the scheduling algorithm from Sect. 5. If the standard deviation exceeds
a threshold:, F is considered to be unsuitable for parallelization due to the length of
critical processing DAG paths (the longest path from an entry node to an exit node). To
reduce the length of critical paths, only the FE<iwith the largest s-level

argmaz s_level(f)
fer



; The ARCAMIDE algorithm
arcamide(F, i, ¢)
; Stage 1
FOR EACH f IN F
; Removes £ if irrelevant
IF er( {f} U desc(f, F)) > i THEN
F:=F \ ({f} U desc(f, F));

; Stage 2
WHILE #F > 0 DO
; Determines whether critical paths
; need to be shortened
IF std _dev(pt(F)) > ¢ THEN
; Shortens critical paths
F' := ARGMAX f IN F: s _level(f);
f _-max := ARGMAX f IN F: ef(f, F);
ELSE
f _-max := ARGMAX f IN F: ef(f, F);

; Removes f_max and its
; processing DAG descendants
F:=F \ ({f-max} U desc(f -max, F));

; Outputs  F, error rate, and
; processing time of F
OUTPUT <F, er(F), max(pt(F))>;

RETURN;

Fig. 5. The ARCAMIDE algorithm

are considered for removal. On the other hand, if the standard deviation is less than or
equal toc, all FEs inF’ are considered for removal.

Among the FEs considered for removal, the FEhat maximizes the efficiency
function

_er(F) — er(F\ ({f} U dese(f, F))
S E) = (T} U desc(7. F)))

is removed fromF in addition to its processing DAG descendantsindesc(f, F).
Here,er(S) denotes the estimated error rate of FESeandmaz (pt(S)) denotes the
estimated processing time of FE sgtin short, the efficiency function rewards FEs
which contribute to maintaining the estimated error rat&'@nd which in addition are
computationally cheap.



When the ARCAMIDE algorithm stops, it has generated a sequence of processing
DAGs with different estimated error rate/processing time tradeoffs. The most appropri-
ate tradeoff can then be selected based on the media indexing application at hand.

7 Empirical Results

In our media indexing application case from Sect. 2 the goal is to detect when a vehicle
passes from the left to the right and when a vehicle passes from the right to the left.
When manually selecting FEs for such a media indexing application, both the applica-
tion specific indexing and the DPE specific processing characteristics of each FE must
be considered. In this section we first discuss and model the indexing and processing
characteristics of the FEs from Sect. 2. Then we discuss manual FE selection strategies.
Finally, we compare these strategies with the sequence of processing DAGs produced
by the ARCAMIDE algorithm when simulating the media indexing application case
with respect to three different DPEs (1 CPU, 10 CPUs, 100 CPUs).

There are four different types of FEs related to each image region: motion FEs,
difference picture FEs, texture FEs and colour FEs. These have different indexing and
processing characteristics. In our model, when using a motion FE to detect a vehicle in
an image region, the probability of false positives and false negatives are assumed to
be0.3. Likewise, when using a texture FE the probability of false positives is assumed
to be 0.5 and the probability of false negatives is assumed td®.Be When using a
colour FE the latter probabilities are reversed. A difference picture FE only produces
intermediate results used by a motion FE. Obviously, the specified probabilities depend
on the camera environment (e.g. sunshine, darkness, rain) and are here set to reflect
rather difficult environment conditions. Finally, the processing time of each FE and the
communication time of features between CPUs are as specified in Sect. 3. Note that the
processing time of the classifier is not considered.

When manually selecting FEs the application specific indexing characteristics of
each FE must be considered in addition to the processing characteristics. Firstly, FEs
irrelevant to the indexing task need not be considered for inclusion in the processing
DAGs. For instance, due to the chosen camera position in our media indexing appli-
cation case, all passing vehicles are contained in the two middle image region rows.
Accordingly, FEs located in the other image regions are irrelevant. The remaining FEs
are candidates for inclusion. Secondly, when the goal is to differentiate between vehi-
cles passing in the two different directions, FEs near the two middle columns are less
accurate compared to FEs near the first and eighth column. This is because the pass-
ing direction determines when the vehicle will be detected in each region of the image
and the difference between the left and right passing direction is most significant near
the first and eighth column. For instance, irrespective of passing direction the vehicles
will pass the middle regions at on average the same time. When it comes to processing
characteristics, the FEs in an image region have similar efficiency, that is, the motion
FEs produce more accurate vehicle detectors than colour and texture FEs, but have a
comparable higher processing time. On the other hand, the texture and colour FEs in
an image region can be executed in parallel, whereas the motion FE and the difference



picture FE must be executed in sequence. Consequently, texture FEs and colour FEs
should be preferred before motion FEs when CPUs are abundant.

To evaluate the ARCAMIDE algorithm we trained two 10-state Hidden Markov
Models (one for each vehicle passing direction) on 1000 simulated image sequences
of vehicles moving from the left to the right and 1000 simulated image sequences of
vehicles moving from the right to the left. Here, a vehicle appears on average twice
in each image region of the two center rows when passing the camera view. We used
another independent set of simulated image sequences (of identical size) to prune the
processing DAGs. Similar, although more noisy, results where obtained with smaller
sets of 100 and 500 simulated image sequences.

Given the simulated image sequences, the ARCAMIDE algorithm mimics the dis-
cussed FE selection strategies as follows. Firstly, in stage one of the ARCAMIDE al-
gorithm, the FEs not located in the two middle image region rows were removed in
addition to the FEs in the four center image regions. Here, the relevance threslasd
set to estimated error rafed5. Generally; should reflect the number of concepts; e.g.

7 could be set to )

number_of _concepts’

0.9(1 —

Secondly, in stage two of the ARCAMIDE algorithm, when trading off estimated error
rate and processing time, the algorithm behaves as follows for each of the three different
DPEs. When selecting FEs for a DPE consisting of 1 CPU, the ARCAMIDE algorithm
do not consider the parallizeability of the processing DAGSs, only the estimated FE
error rate and processing time are considered. This can be seen from the ARCAMIDE
FE removal order shown in Table 1. The corresponding estimated indexing error rates

Table 1. The FE removal order when the DPE consists of 1 CPU. In each table cell the difference
picture FE, motion FE, texture FE and colour FE are listed from left-to-right top-to-bottom

36. 36.|31. 31.| 6. 6. 22. 22.| 5. 3. |25 25
20. 32.|21. 28.| 2. 15 10. 11.| 16. 27.| 4. 29.
33. 33.|34. 34.19. 19 24. 24.135. 35.|37. 37.
17. 8.|13. 18.|12. 9. 1. 14.123. 26.| 7. 30.

and estimated processing times are shown in Fig. 6. As seen in Table 1, motion FEs
seem to be slightly preferred before colour and texture FEs. Furthermore, FEs near
the first and eighth image region columns are preferred before FEs near the middle
image region columns. Consequently, as seen in Fig. 6, the estimated processing time
can initially be reduced with little increase in estimated error rate (while inaccurate
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Fig. 6. The estimated processing time and indexing error rate (y-axis) after each removal (x-axis)
when the DPE consists of 1 CPU

FEs are removed). However, later in the FE removal sequence, when FEs near the first
and eighth image region columns must be removed, the estimated indexing error rate
increases more dramatically.

When introducing 10 CPUs, the above removal strategy is followed by the AR-
CAMIDE algorithm as long as the scheduling algorithm is able to uniformly distribute
the FEs on the 10 CPUs. However, when the number of remaining FEs approaches the
number of CPUs, the CPUs executing texture or colour FEs becomes on average ready
1 millisecond before CPUs executing motion and difference picture FEs. As a result,
only the removal of motion FEs will reduce the processing time any further. The AR-
CAMIDE algorithm detects this state by measuring the standard deviation of the CPU
ready times, and changes removal strategy when the standard deviation exceeds a given
threshold, in this case (generally the threshold should be set to reflect the acceptable
variation in CPU ready times). This can be seen in Table 2 and Fig. 7 from removal
number28 and thereafter.

When considering 100 CPUs, initially only the removal of motion FEs will reduce
the processing time due to the dependency of motion FEs on picture difference FEs.
As seen in Fig. 8 there are mainly two interesting processing DAGSs; one containing all
the relevant FEs and one containing only texture and colour FEs. The corresponding
removal order is shown in Table 3.



Table 2. The FE removal order when the DPE consists of 10 CPUs. In each table cell the differ-
ence picture FE, motion FE, texture FE and colour FE are listed from left-to-right top-to-bottom

34. 31.| 36. 28.| 6. 6. 22. 22.| 5. 3.]|25. 25.
20. 42.|21. 40.| 2. 15. 10. 11.| 16. 27.| 4. 43.
35. 32.| 37. 29.] 19. 10. 24. 24.| 38. 30.] 39. 33.
17. 8.|13. 18.|12. o. 1. 14.|23. 26.| 7. 41l
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Fig. 7. The estimated processing time and indexing error rate (y-axis) after each removal (x-axis)
when the DPE consists of 10 CPUs

8 Conclusion and Further Work

We have presented an algorithm for automatic resource aware construction of media
indexing applications. The algorithm produces a sequence of processing DAGs which
manifest various tradeoffs between estimated error rate and processing time, targeting
a given DPE. The empirical results indicate that the algorithm are capable of produc-
ing useful media indexing application configurations for a moderate media indexing
problem.



Table 3. The FE removal order when the DPE consists of 100 CPUs. In each table cell the
difference picture FE, motion FE, texture FE and colour FE are listed from left-to-right top-to-
bottom

14. 12.|16. 2.|18. 7. 20. 5.|22. 9.|24 4
37. 47.|42. 38.|28. 32 30. 34.|41. 43.| 40. 47.
5. 1.|17. 3.|19. 6. 21. 8.|23. 10.| 25. 11.
44. 29.|39. 33.|13. 26. 27. 35.|31. 36.| 46. 45.
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Fig. 8. The estimated processing time and indexing error rate (y-axis) after each removal (x-axis)
when the DPE consists of 100 CPUs

In our further work we will examine how adaptive media indexing applications
can be constructed based on the produced sequence of processing DAGs. When more
resources becomes available, the media indexing application can reconfigure to config-
urations earlier in the FE removal order, and when resources becomes unavailable, the
media indexing application can reconfigure to configurations later in the FE removal
order (i.e. graceful degradation of performance).



We will also conduct large scale experiments by using the ARCAMIDE algorithm
to construct a traffic surveillance application consisting of several video cameras mon-
itoring a road network where the concepts of interests may span several cameras.

In [11] a particle filter based approach for online hypothesis driven feature extrac-
tion is proposed. We will examine how this approach can be integrated in an online
version of the ARCAMIDE algorithm.

Finally, we will evaluate the ARCAMIDE algorithm in various types of DPEs with
the goal of refining the processing characteristics model, the DPE model and the pro-
cessing time algorithm further.
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