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Abstract

Automated image interpretation and object
recognition is an important task in numerous
applications ranging from video surveillance to
brain tumor identification. While demands for
vision systems steadily grow, manual engineer-
ing is still among the core development tech-
niques. In this paper we discuss adaptive learning
vision systems. The challenges related to task-
oriented image interpretation and object catego-
rization and recognition are illustrated with re-
cent research efforts.
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1. Introduction

The field of task oriented image interpretation and ob-
ject recognition is a well developed discipline with numer-
ous practical applications. Demands for automated vision
systems steadily grow and yet manual engineering is still
a core development technique. Frequently the designers
specify and code the flow of information through the sys-
tem and then fine-tune numerous parameters (either manu-
ally or in an automated fashion). The limitations common
to this approach include the following. The design cycle is
lengthy and expensive: projects of two to fifteen years in
duration are not uncommon [8]. Considerable amounts of
human expertise are necessary both on the computer vision
and the subject matter sides. The system produced is usu-
ally tuned for specific types of images. Correspondingly,
it may work well in the lab settings but not necessarily in
the field conditions. Adjusting the system for field con-
ditions requires on-going involvement of computer vision
and subject matter experts as well as extensive experimen-
tation, which leads to high maintenance costs. Finally, a
system developed using a certain approach for a particular
task (e.g., the “valley following” technique for tree canopy

segmentation [8]) may not be effective or even applicable
to a sufficiently different domain (e.g., recognition of hu-
man faces in surveillance images). Indeed, when domain
constraints are incorporated in the design, porting the sys-
tem can be cost-prohibitive.

In response to these challenges, variousautomatedways
of constructing image interpretation systems have been ex-
plored in the last three decades [4]. Early systems, such
as the Schema System [6], had control policies consist-
ing of ad hochand-engineered rules. In the nineties the
second generation of control policy-based-image interpre-
tation systems came into existence. More than a systematic
design methodology, such systems used theoretically well-
founded machine learning frameworks for automatic acqui-
sition of control strategies over a space of vision operators.
Pioneering examples include a Bayesian net system [15]
and a Markov decision process (MDP) based system [5].

An implementation of the latter approach, called ADap-
tive Object REcognition (ADORE), learned dynamic im-
age interpretation strategies for finding buildings in aerial
images. As with many vision systems, it identified objects
(in this case buildings) in a multi-step process. Raw images
were the initial input data, while image regions containing
identified buildings constituted the final output data. In be-
tween the data could be represented as intensity images,
probability images, edges, lines, curves, etc. ADORE mod-
eled image interpretation as an MDP, where the intermedi-
ate representations were states and the vision procedures
were actions. It succeeded in learning a dynamic control
policy that selects the next action at each step so as to max-
imize the quality of the final image interpretation in two
domains [5].

2. Open Challenges

We propose an open research program with thelong-term
objective of creating a domain-independent image inter-
pretation kit that can automatically learn a particular image
interpretation task provided with some training data. The
learning should occur much like it happens with human im-
age interpreters – by observing training examples rather



than via step-by-step supervisory instructions. Given this
formulation of the problem, reinforcement learning meth-
ods appear suitable [17]. However, the scale of learning in
vision challenges traditional reinforcement learning meth-
ods and leads to the following open questions.

[Memory] ADORE [5] used collections of artificial neural
networks to generalize the action values backed-up from
the explored part of the state-action space onto the entire
space. In order to make this approach feasible, a set of
state feature functions weremanuallydesigned for the spe-
cific application domain. Removing the need for human
expertise, [12] explored several automatically generated as
well as off-the-shelf feature sets. In particular, Principal
Component Analysis (PCA) methods were used to reduce
the dimensionality of the state space for action-value func-
tion approximation. These efforts have met with a mixed
success leaving automated feature interpretation as an open
question. Note, that feature selection for sequential deci-
sion making may be different from feature selection for ex-
tensively studied image classification tasks.

One of the reasons PCA-derived features are so success-
ful in classifier systems is the fact that images are often
registered over some critical regions (e.g., eyes in cats and
dogs [1]). On the other hand, a typical aerial forest im-
age contains numerous randomly positioned canopies re-
sulting in a much greater inter-image variance [11]. Conse-
quently, an interesting line of research lies with developing
adaptive focus-of-attention techniques. Within the MDP-
based framework such techniques can be conveniently im-
plemented as a collection of operators that split an image
into several sub-images for further processing. Then a con-
trol policy will learn to use these operators adaptively to
focus on salient image regions.

[Learning & Adaptation] ADORE used a best-first con-
trol policy guided by the learned action-value function.
The errors in such a function may lead the control pol-
icy along a seemingly best but actually suboptimal path all
the way to a suboptimal image interpretation. Addition-
ally, such a best-first control requires state features atall
processing levels. Not only additional human expertise is
required but also it is more difficult to extract informative
features at early levels of image processing [4]. In [13]
we suggested an alternative control policy that performs a
full-width tree expansion up to a certain depth and only
then uses the learned action-value heuristic in the best-first
fashion. Consequently, the demand for features is reduced
several folds and the expected image interpretation quality
rises. Presently, the open questions include: identifying the
optimal depth of the full-width expansion followed by best-
first action-value guided policy; developing algorithms for
selecting the depth adaptively on an image per image ba-
sis and comparing them to the base-line greedy and fixed
depth policies in terms of image interpretation quality and
running time.

In [5] a full-width fixed-depth exploration policy was used
during off-line training. For each input image, all limited-
length operator sequences were executed. The produced al-
ternative image interpretations were scored based on their
proximity to the expert-supplied interpretation. As longer
sequences were shown to be beneficial, [11] introduced two
state pruning techniques to combat the exponential explo-
sion of the state space. The experiments show nearly an or-
der of magnitude reduction in the computational time with
no or minor losses in quality.

Despite the initial success, large operator libraries ren-
der the control policy learning task intractable. There-
fore, the success of learning MDP-based vision systems
depends on having a compact and domain-targeted oper-
ator library. The original ADORE [5] used a manually se-
lected library of vision routines. The required human en-
gineering can be reduced by replacing the custom-tailored
vision operator library with an off-the-shelf library. Be-
ing domain-independent and thus fairly universal, such a
library is expected to have multipleredundantoperators
for any particular domain. In [2] a machine learning so-
lution to this problem was presented. Namely, stochas-
tic heuristic search (simulated annealing and evolutionary
algorithms) automatically produced small domain-specific
operatorsub-libraries. The heuristic fitness of an op-
erator sub-library traded off the computational resources
needed to run it and the expected image interpretation qual-
ity. Combining the strengths of filter and wrapper models,
secondary machine learning acquired the heuristic fitness
function automatically. This novel technique accelerated
the training phase 16-fold while maintaining the interpre-
tation quality of 97% of that possible with the full operator
library.

In these initial experiments the parameterized opera-
tors in the library were “bundled” together. For in-
stance, invokingBinaryThreshold operator actually ex-
ecuted the bundle of operatorsBinaryThreshold(10) ,
BinaryThreshold(20) , . . . ,BinaryThreshold(200) .
This technique reduced the branching factor within the con-
trol policy from 20 to 1 but increased the running time sub-
stantially. Correspondingly, the open challenge in this line
of research lies with scaling the automated sub-library se-
lection methods to much larger parameterized libraries.

In [5, 13] training data were in the form of input images
and the corresponding desired interpretations. In numerous
domains manually interpreting images is an expensive and
error-prone process. In particular, the error in human ex-
pert interpretation of aerial forest photographs was found
to be 18-40% [7]. On the other hand, unlabeled images
have zero interpretation cost and are abundant in many do-
mains. Using unlabeled data for learning vision systems is
an open line of research. Initial progress is reported in [3].

[14] is one of the first applications of ensemble methods to
reinforcement learning. In using the novel RESLEV lever-



aging algorithm, we observed thatimproving the regres-
sion mean squared error (MSE) can actuallyworsenthe ex-
pected policy valueE[V π] and vice-versa. Accordingly, an
open line of research is to analyze this phenomena with dif-
ferent ensemble learning approaches and extend RESLEV

to optimize the expected policy value as opposed to the
MSE.

[Categorization] Known successful efforts on learning a
domain-specific optimal policy over a generic library of vi-
sion operators focused on pixel-level interpretation [5, 13].
An open line of research is to extend this work to higher-
level object recognition and categorization. A particularly
intriguing application would be to model biological cogni-
tive vision (e.g., [16]).
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